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Measurement is essential to improving AI performance andmitigating harms formarginalized groups. As generative AI systems
are rapidly deployed across geographies and contexts, AI measurement practices must be designed to support repeatable,
automatable application across different models, datasets, and evaluation settings. But the drive to automate measurement can
be in tension with the ability for measurement instruments to capture the expertise and perspectives of communities impacted
by AI. Recent work advocates for breaking measurement into several key stages: first moving from an abstract concept to be
measured into a precise systematized concept; next operationalizing the systematized concept into a concrete measurement
instrument; and finally applying the measurement instrument on data to produce measurements. This opens up an opportunity
to incorporate community engagement in the systematization phase before operationalizing and applying measurement
instruments. In this paper, we explore how to involve communities in systematizing the concept of “cultural appropriateness”
in text-to-image models’ representation of culturally significant artifacts through case studies with three communities: blind
and low vision individuals residing in the UK, residents of Kerala, and residents of Tamil Nadu. Our systematized concepts
reflect community members’ lived experiences interacting with each artifact and how they want their material culture to be
depicted. We explore how these systematized concepts can be operationalized into automated measurement instruments that
could be applied using a multimodal LLM-as-a-judge approach. We reflect on the benefits and limitations of such approaches.
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1 Introduction
People across the world have adopted generative AI tools to automate the creation of images for design and
ideation, marketing and advertising, illustration, and beyond [30, 36, 41, 60]. But not all cultures are rendered
appropriately. HCI and AI researchers have documented the many ways in which state-of-the-art generative AI sys-
tems systematically underperform at depicting historically marginalized cultures, including replicating historical
biases in media [41, 74], reinforcing stereotypes [12, 38, 45, 59], and contributing to cultural erasure [40, 61, 76, 93].

E�ective model evaluation is necessary to make these failures visible and measure progress toward addressing
them [50, 117, 119]. Today, many existing approaches to generative AI evaluation apply o�-the-shelf benchmarks
and metrics [35, 50, 62]. However, an emerging line of research suggests that these existing approaches to evalu-
ation su�er from signi�cant validity issues [25, 117], and in particular, break down when applied in marginalized,
low-data contexts [44,61,68]. More generally, these approaches do not attempt to incorporate the expertise or input
of the people whose cultures are depicted in the thousands of AI-generated images created each day [74, 93, 94].

An emerging body of human-centered literature has explored ways to involve humans that hold relevant
�lived-experience expertise� [78] (e.g., due to their knowledge, standpoint, or cultural identity) in the process of
evaluating generative AI. This ranges from e�orts that crowdsource culturally speci�c datasets [70, 76, 88, 96, 100]
to those that invite participants to evaluate model outputs [7, 45, 74, 93]. At the same time, there is a rapidly
growing literature on ways to develop practical, repeatable, and automatable evaluation practices by using
MLLM-as-a-judge evaluations, which delegate evaluative judgments to multimodal language models (MLLMs)
in lieu of human judges [101, 110]. This paper aims to connect these two literatures by engaging people with
lived-experience expertise in developing rubrics that can be used within the MLLM-as-a-judge paradigm (Figure 1).

Recent work by Wallach et al. [117]calls for AI researchers to reimagine their approach to measurement
by adopting an established measurement framework from the social sciences [1]. Social scientists have long
grappled with how abstract concepts, like political ideology or job satisfaction, can be captured in precise
measurements [1, 26]. Similar questions arise in the evaluation of generative AI systems, where one might wish to
measure abstract concepts such as whether a language model can �reason� [98], or whether an AI image depicts
a "stereotype� about a social group [12]. The framework breaks the process of measurement into three concrete
steps: (1) systematizing an abstract concept to be measured into a concrete de�nition; (2) operationalizing the
systematized concept into a measurement instrument; and (3) applying the measurement instrument on data to
produce measurements. The authors point to the opportunity for participants with di�erent forms of expertise to
be included in the systematization process, but stop short of o�ering practical guidance on how to facilitate such
engagements. In this work, we ask: how can we sca�old community engagement in the systematization process
to develop community-informed measurement instruments?

To answer this question, we facilitate research workshops with members of three communities: blind and
low vision individuals residing in the UK and residents of two distinct South Indian states, Kerala and Tamil
Nadu. We note that the term �community� has been used in a range of di�erent ways across di�erent academic
disciplines [16,121]. In this work, we follow past HCI studies [11,48,78] and use �community� to refer to a group of
individuals who hold a shared cultural identity, recognizing the shared �lived-experience expertise that individuals
hold that extends beyond their formal training or credentials� [78]. Our goal is to identify ways for non-technical
people (people who are not AI developers) to contribute their lived-experience expertise in shaping AI evaluation
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Fig. 1. Sca�olding community engagement to develop community-centered measures of cultural representation.
Given an input prompt (e.g., �a photo of a guide cane�), we invited community members to participate in designing a rubric
that captures their expertise and preferences for each cultural artifact (systematization). Our research team then explored
the use of this rubric within an automated multimodal LLM-as-a-judge pipeline (operationalization).

design. In each context, we develop community-informed systematized concepts of cultural appropriateness in
depicting cultural artifacts [81]. In this work, we view cultural appropriateness loosely as the degree to which AI
images of artifacts align with and respect the values, norms, and knowledge systems of the relevant community
[93], but leave it to communities to determine what this means. In studying culturally appropriate depictions,
our goal is to capture community members' understandings of how each artifact should�and critically, should
not�be represented in AI media [74, 93, 94]. We structure our inquiry around the following research questions:

� RQ1 (Systematization): How can practitioners work with community members to systematize the cultural
appropriateness of important cultural artifacts? How do the rubrics elicited through a community-centered
approach di�er from those generated by LLMs?

� RQ2 (Operationalization): How might practitioners automate the application of community-informed
rubrics to score new AI images?

We contribute an empirical account of how practitioners can engage marginalized communities in the sys-
tematization process. We highlight how community members' expertise, lived and embodied experiences with
each artifact, and subjective preferences for representation shape our systematized concepts, demonstrating
the potential value of involving communities in measurement. We explore whether rubric application can be
automated using an MLLM judge, surface several limitations of MLLM judges, and contribute methodological
guidance for how practitioners can assess the feasibility of automating measurement. We conclude by re�ecting
on open challenges and limitations of our exploratory work, both of which pose opportunities for future research
to bring community expertise into the design of AI evaluation metrics.

2 Related Work

Cultural Representation and AI-Generated Media. AI-generated images have the power to shape how
communities are understood and perceived by others, as well as how they perceive themselves [46, 94]. Media
representation of diverse peoples, especially those who hold historically marginalized identities, is an essential
building block for social change and equality [41, 118]. Marginalized communities have used AI tools to create
visual media that aligns with their goals for representation [4, 28, 49, 52, 57]. However, these same AI tools
have been shown to reproduce normative identities and narratives that contribute to the erasure of already
marginalized communities [12, 41, 75]. This can result in potential representational harm through unfavorable or
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demeaning depictions that can invoke psychological distress or frustration for users who aim to create media
about their own culture [74, 123].

In this paper, we focus on the issue of appropriate cultural representation�an often contested concept [20]�in
AI-generated images, as de�ned by community members. We adopt a broad conceptualization of culture as based
on shared identity, recognizing that individuals can inhabit multiple cultural identities simultaneously [133].
Culture may be grounded in place (e.g., shared nationality [2]), or in other identity aspects including race or ethnic-
ity [ 34], disability [75], sexuality [112], profession [115], or relational roles [116]. Cultural representations�those
intended to capture tangible objects (artifacts, monuments) and intangible practices (traditions, rituals) salient
to communities' cultural identity [3, 15, 47]�are not objective constructs with a de�nitive ground truth. Instead,
they involve an articulation of how community members would like their community to be depicted [93]. While
community members may have varying perspectives on which aspects of their culture should be highlighted,
their knowledge and viewpoint are critical to deciding what makes a representation �appropriate� [45, 93].

In this paper, we focus on designing quantitative measures that re�ect participants' lived understandings of
their culture. Prior work in AI and culture has emphasized the need for methodologies that �translate qualitative
insights into algorithmic interventions� [13]. Our work responds to this call by bringing qualitative methods into
the design of quantitative metrics by engaging communities in the design of rubrics that can be programmatically
applied with MLLM-as-a-judge systems.

Measuring the Performance of Generative Text-to-Image Models. Our work contributes to a growing body
of interdisciplinary scholarship focused on developing and critiquing performance measures used to evaluate
generative AI systems. Drawing from the quantitative social sciences, we de�ne measurement as the assignment
of quantitative or qualitative values to speci�c concepts or properties of a system [98]. In text-to-image generation,
concepts that are often measured include generated images' faithfulness to the user's generation prompt [56, 99],
photorealism [53, 58], and aesthetic value [71]. These measurements are applied to tasks like helping practitioners
select deployment-appropriate systems [95, 98, 119] or �ltering content below quality thresholds [54, 66, 119].

Despite the recognized importance of evaluation in generative AI development, signi�cant challenges remain.
Given the speed at which the AI industry is moving, there is a need for evaluation practices to be repeatable,
automatable, and applicable across di�erent models, datasets, and settings [50, 101, 119]. The dominant approach
to AI evaluation in industry involves calculating standardized metrics that capture model performance on test
datasets�a practice known as �benchmarking� [89, 95, 117]. However, AI benchmarks are often decontextualized
and divorced from real-world deployment contexts, leading to validity issues [33, 35, 95]. This decontextualization
manifests in the systematic exclusion of content from minoritized communities, including non-English language
content and culturally speci�c imagery [79, 97]. Recognizing these limitations of benchmarks, researchers have
called for more localized, disaggregated, contextual evaluations [8, 33]. Many existing e�orts expand the scope of
generative AI evaluations by curating globally diverse datasets of input prompts [47, 65, 76, 100, 124].

In this work, we shift the focus from datasets to measures. It is increasingly common to automate evaluations
using model-mediated evaluation approaches, where an auxiliary, pretrained model's internal representations
or judgments are used to stand in for human evaluative judgments as a form of �ground truth� [62]. Drawing
on the a�ordances for scale of LLM-as-a-judge pipelines, practitioners have increasingly turned to multimodal
language models (MLLMs) as judges for evaluating generated images [22, 56, 73, 131]. In these pipelines, a
multimodal model scores each image using a rubric, which in some cases is generated by another model. Such
approaches, however, introduce a fundamental dependency: the quality of the measurements becomes limited by
the capabilities and biases of the auxiliary models [62, 68, 76, 77, 100]. Since these models are trained on historical
datasets that may lack diversity or contain societal biases, they can systematically undervalue or misrepresent
content from marginalized communities. For example, if an auxiliary model was trained primarily on Western
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Fig. 2. Measurement framework from the social sciences [ 1, 117]. We study how to center community expertise in the
systematization process before operationalizing the systematized concept as an automated MLLM-as-a-judge system.

imagery, it may poorly evaluate AI-generated images of non-Western cultural practices, foods, or aesthetics. We
ask whether this limitation might be overcome by the design of more thoughtful rubrics.

Applying Measurement Theory to AI Evaluations. Recent work by Wallach et al . [117] advocates for
researchers to rethink how they evaluate generative AI systems, drawing on the tradition of measurement
theory from the social sciences. They build on the framework of Adcock and Collier[1], pictured in Figure 2,
which shows how abstract concepts can be systematically transformed into concrete, quanti�able measurements.
First, during systematization, a vague background concept is transformed into a more concrete, well-de�ned
systematized concept. Next, during operationalization, the systematized concept is developed into a measurement
instrument (e.g., using metrics or code). Finally, there is application, in which the measurement instrument is
applied to a set of instances (e.g., outputs of an AI model), resulting in the creation of measurements. This process
is intended to be iterative, with iteration and re�nement at each stage. As Wallach et al. [117]note, separating
systematization from operationalization has the bene�t that conceptual debates about what is being measured
and why can be separated from operational debates about how a concept will be measured in practice. This allows
people with di�erent backgrounds and situated knowledge to be involved in conceptual debates without needing
to understand the technical details of how the measurement instrument will be developed, standing in contrast
with dominant evaluation practices, where participants are typically only involved at the end of the process,
tasked with evaluating the quality of model outputs [56, 61, 90].

While prior work has drawn on disciplinary expertise in systematizing generative AI performance measures�
e.g., by consulting psychologists or linguists [24]�there is little work on how to engage community members
in translating their lived experience and knowledge into systematized concepts for evaluation. One notable
exception is concurrent work by Nguyen et al. [82], who engage community members to iteratively validate and
re�ne a systematized concept of erasure. In this work, we explore how we can sca�old community engagement in
the systematization process to develop community-informed systematized concepts that can be operationalized
using MLLM-as-a-judge approaches and ultimately applied across di�erent datasets and models.

3 Methods

3.1 Selecting communities and cultural artifacts
We collaborated with members of three distinct communities: blind and low-vision (BLV) people located in
the United Kingdom, and current and former residents of two states in South India: Tamil Nadu and Kerala.
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We chose these speci�c communities because members of the research team belong to them. This close re-
searcher�community collaboration supported activities such as artifact selection, participant recruitment, and
interpretation of our �ndings. Studying cultural representation across communities varying in ability, geography,
and ethnicity allows us to identify both shared principles and context-speci�c needs in how communities want
to be represented. Recognizing the rich diversity and breadth of experiences that exists within each of these
communities, we follow past work [11] to engage community members not as representatives of the entire
population with which they share one facet of their cultural identity, but instead as individual experts in their
experience as people who hold those identities.

For the BLV community, we focused our study on a single region (the UK). We chose to geographically situate
our study because the material culture of blindness is shaped by local factors, such as the public funding of assistive
technology use in schools [23]. This broad scoping of eligibility also enabled us to recruit from community organiza-
tions with membership bases that were similarly scoped to the UK, such as an email list of UK-based assistive tech-
nology users. We also conducted two separate engagements with residents of two Indian states: Tamil Nadu and
Kerala. Cultural studies scholars have discussed how India's 28 region-states function not merely as administrative
regions, but also each carry their own unique histories and cultural practices that play an important role in creating
a shared cultural identity [102, 111]. For example, residents of Kerala and Tamil Nadu speak di�erent languages
(and write in di�erent scripts), and participate in both cultural ceremonies (e.g., festivals like Pongal) and everyday
activities (e.g., dance forms like Bharatanatyam) that are unique to their region. We follow past work [100] and cen-
ter community engagements on cultural artifacts that are unique to each state, and do not have a direct equivalent in
neighboring geographic states. Each engagement was facilitated by a co-author who was from the respective state.

Guided by the members of our research team who belong to each community, we selected salient cultural
artifacts [81]. These artifacts are not intended to represent the richness and breadth of each community's material
culture [133], but to serve as a starting point for our exploration of rubric design. For the BLV community, we
selected two assistive technologies: a guide cane, a mobility device that helps its user detect obstacles and navigate
their surroundings, and a braille notetaker, an electronic device used to write and read notes in tactile braille.
Prior work has shown that people with disabilities value accurate depictions of assistive technologies in visual
media [74, 130] and AI-generated images [75], but text-to-image models fail to accurately depict them [74, 75].
The particular technologies were chosen because of their wide use by and cultural signi�cance to the BLV
community in the UK, and are pictured in Figure 3.

For the two Indian communities, we selected objects regarded as meaningful to their state's cultural identity
and likely to be known by residents. From Kerala, we selected (1) the Kasavu saree, a traditional white and
gold garment, and (2) the Chundan Vallam, a snake boat used in traditional boat racing festivals. From Tamil
Nadu, we selected (1) the Pallanguzhi, a traditional two-player mancala board game, and (2) the Mridangam,
a percussion instrument that is widely used in South Indian classical music. Prior work has shown failures of
text-to-image at depicting both scenes and objects from South Asian cultures [93, 94]. These objects, pictured in
Figure 3, carry historic and symbolic value for their roles in each state's unique cultural ceremonies, festivals,
and traditions [81, 125]. We organize workshops by state as residents of neighboring states are less likely to be
familiar with these objects. For instance, the Chundan Vallam is unique to the Keralan water festival tradition,
and would not be widely known by residents of neighboring Tamil Nadu.

3.2 Eliciting culturally appropriate artifact depictions in workshops
To create the rubrics, we conducted a series of synchronous, hour-long online workshops with community
members to elicit their knowledge of and desires for representation of the selected cultural artifacts. Workshops
were facilitated by members of our research team, and took place between December 2024 and April 2025. To recruit
participants, we used a purposive sampling approach [91], drawing on the research team's existing networks
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Fig. 3. Selected culturally significant artifacts. From right to le�: (1) With the blind and low vision community, we
selected a guide cane (a mobility aid that is held diagonally across one's body) and a braille notetaker (an electronic device
that can be used to read and write notes in tactile braille). (2) With residents of Tamil Nadu, we selected Pallanguzhi (a
two-player mancala game where players compete to collect cowry shells or seeds) and Mridangam (a percussion instrument
widely used in South Asian classical music). (3) With residents of Kerala, we selected a Kasavu saree (a handwoven saree
from Kerala, known for its o�-white body with a gold border), and Chundan Vallam (a traditional boat from Kerala with a
raised prow commonly used in festival races).

across each community. Our �nal sample included 10 BLV participants in the UK, 9 participants from Tamil Nadu,
and 8 participants from Kerala. Participants were compensated either ¿75 (UK) or 500 INR (India) based on their
location, and all interviews were conducted in English. All workshop studies were approved by our institution's
ethics review board. We detail the structure of the workshops, including activity guides, participant demographics,
and steps we took to ensure the workshops were accessible for members of the BLV community in Appendix B.2.1.

For each artifact, we curated a small set of AI-generated images and real photographs to facilitate discussions
of cultural representation. We generated images using two state-of-the-art text-to-image models at the time of
the study, Stable Di�usion 3 [105] and DALL·E 3 [84], prompting each model with a simple template (e.g., �A
photo of a {artifact name}�). For each artifact, we generated an initial pool of images and then grouped images
by shared visual characteristics, sampling across groups to create a manageable but meaningfully diverse set for
participants to review [74]. In addition, we curated real photographs of each artifact from trusted sources (e.g.,
the Royal National Institute of Blind People [113]). These photographs helped ground discussion by providing
clear examples of culturally appropriate depictions. For instance, we could more easily locate a photograph of
a braille notetaker that depicted a QWERTY input keyboard correctly than generate one. We could also curate
photographs that sat near the boundary of what participants might consider acceptable to facilitate discussion.
The �nal set of images used in the workshops is included in Appendix B.

For each artifact, we conducted two study activities. First, after presenting each image (by screen-sharing
and/or presenting an alt-text description for BLV participants), the facilitator asked participants to share if they
felt that the image could or could not be shown to the general public to represent the artifact and why. The
facilitator then prompted each participant to elaborate on what made a particular image a good, bad, o�ensive, or
incorrect depiction of the artifact. We discussed 10 total images of each assistive technology, and 16 total images
of each Indian artifact.

Second, we invited participants to re�ect on what they had seen so far to create a list of the most important
criteria for a culturally appropriate portrayal of the object and provide reasons for each of their responses. This
activity encouraged participants to articulate concrete visual criteria that shaped their decisions. The study
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facilitator encouraged participants to re�ect on the degree of acceptable variability for objects and how visual
features should be prioritized.

3.3 Systematizing cultural representation into rubrics
We used the data collected from workshops to develop systematized concepts of �cultural appropriateness� for each
artifact. These took the form of simple rubrics made up of binary yes/no criteria that community members identi-
�ed as integral to an appropriate representation of the artifact; see Figure 4 for an example of the rubric produced
for a guide cane. We adopted this structure because rubrics are a common measurement approach (e.g., in domains
beyond AI, such as the social sciences [1]), and they are compatible with existing MLLM-as-a-judge pipelines [22].

To distill criteria for the rubrics, we �rst organized participants' statements from both activities into two
categories: (1) criteria, or the concrete visual features or physical characteristics that shaped participants' decision-
making, and (2) justi�cations that participants provided for their decisions. In deciding which criteria to include in
the rubrics, we made two key decisions. First, we excluded criteria that were highly contested across participants.
For instance, community members disagreed about whether a guide cane with red re�ective tape on its body
was an appropriate representation. As such, we did not include a criterion about red tape in our rubric. We also
excluded criteria that participants consistently described as less essential to depicting the essence of each artifact.
Consequently, rather than o�ering a complete description of each artifact, our rubrics focus on the 5 to 10 core fea-
tures that participants agreed were most essential to a culturally appropriate depiction. We acknowledge that this
choice is value-laden, and discuss alternative ways that practitioners might navigate and resolve contested criteria
in Section 5.3. Importantly, the resulting rubric criteria for each cultural artifact should be interpreted as being
particular to (rather than portable across) the speci�c cultural contexts that they are created in collaboration with.1

Finally, we grouped the criteria into higher-level themes around the motivation for their inclusion. These
themes re�ect community-speci�c understandings of what constitutes (in)appropriate cultural representation.
For example, BLV community members emphasized that assistive technologies should be usable and accessible to
blind users, clarifying why particular visual features were prioritized. We structured each rubric by these themes.

Using the rubric, we say that an image is �culturally appropriate,� receiving a label of 1, only if it satis�es all
criteria. Otherwise, we say that an image is culturally inappropriate (label 0). While these �nal binary cultural
appropriateness labels do not capture the subjective and contested nature of cultural representation, we adopt
this aggregation function for its simplicity to calculate, and its direct comparability with participants' judgments.

As a point of comparison, we also generated rubrics automatically, in line with common AI industry practices
[22, 101, 109]. Speci�cally, we prompted GPT-4o to produce evaluation criteria describing the �most important
visual characteristics that should be present or absent� in culturally appropriate depictions of each artifact (details
in Appendix C.2). To compare our community-informed rubrics with the automatically generated rubrics, the
�rst author worked with community members on the research team to annotate each rubric, with the aim of
identifying overlaps, divergences, and omissions relative to both our community-informed rubrics and our own
knowledge of the artifacts. We then assessed each criterion for its alignment with community perspectives, and
identi�ed broader patterns in what LLM-generated rubrics captured or overlooked.

3.4 Operationalizing the rubrics through MLLM-as-a-judge
To operationalize our systematized concepts, we explore whether our community-elicited rubrics can be auto-
matically applied using an MLLM-as-a-judge pipeline. We adopt a simple system prompt, following past work
[22, 132], that instructs the MLLM to �determine whether the provided image meets each criterion.� We adopt GPT

1For instance, a guide cane rubric created based on engagements facilitated in a di�erent part of the world (e.g., with residents of Tanzania)
may result in a di�erent set of scoring criteria that re�ect a di�erent set of participant experiences and desires for cultural representation [45].
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Fig. 4. A rubric to score images of a guide cane, designed with BLV community members. Criteria that correspond
to visual features in images are organized under two themes that describe participants' desires for cultural representation.

4-o [86] as our judge model for its demonstrated performance on MLLM-as-a-judge tasks [131] and report all
results averaged over �ve random seeds. We provide additional details in Appendix C.3.3.

To validate the operationalization�that is, whether the MLLM-as-a-judge measurement instrument captures the
systematized concept�we compare judgments of the rubric criteria from an MLLM judge and human annotators
on a new dataset of AI-generated images. We create a dataset containing 50 images of each artifact generated from
5 di�erent models (DALL·E 3, Stable Di�usion 3 Medium, Stable Di�usion 3.5 Large, GPT Image-1, and Flux.1
Dev) using simple prompts (like �a photo of a guide cane�). We include image generation details in Appendix
C.3.1. These images depict the types of representations and errors that state-of-the-art models produce today. For
each image, a member of our research team manually annotated whether each rubric criterion is met, which
we compared against annotations assigned by the MLLM judge. Each rubric was applied by the research team
member who facilitated workshop engagements and led the creation of the rubric, to ensure its consistent
application across the dataset. We include an extended discussion of manual (human) application of our rubrics
and inter-annotator agreement in Appendix C.4.

4 Results
In this section, we present our community-informed rubrics (Section 4.1) and an exploration of the feasibility
of applying these rubrics automatically using an MLLM-as-a-judge approach (Section 4.2). We re�ect both on
key trends that are common across the three communities we engaged with, and on key di�erences across
communities and artifacts.

4.1 Systematizing community expertise into evaluation rubrics (RQ1)
In this section, we present the rubrics used to systematize the concept of �culturally appropriate� representation
for each cultural artifact. The rubric for a guide cane is shown in Figure 4; the remainder can be found in Appendix
A. For each community, we �rst identi�ed high-level themes that capture key dimensions of how participants
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evaluated cultural representation. We used these themes to organize a set of criteria that correspond to concrete,
observable visual features.

4.1.1 Themes and criteria to assess cultural representation. Across all three communities, participants consistently
evaluated images along two core dimensions: functionality, whether an artifact could plausibly serve its intended
purpose, and recognizability, whether the depiction preserves the key features that distinguish the artifact from
related, but culturally distinct objects. Within the BLV context, participants drew on their embodied experiences
as users of each assistive technology to assess whether a depiction would be able to serve its intended function,
e.g., by imagining how one might hold a pictured cane or whether depictions of braille could be read by touch.
Participants repeatedly pointed out when generated images �looked like� other recognizable objects that did
not serve the intended purpose of the assistive technology, such as a generated image of a guide cane that
resembled a walking stick, a distinct mobility aid that di�ers in its function, material, and handle shape. When
asked to elaborate, participants explained that a walking stick is predominantly used by people who are sighted.
Community members felt that these �confused� depictions were not only misleading, but were disappointing in
that they failed to communicate the unique material culture of blindness.

We found many key similarities in the higher-level themes that describe how residents of Kerala and Tamil
Nadu evaluated their cultural artifacts. Participants from both Kerala and Tamil Nadu emphasized evaluating
each artifact's functionality by assessing whether the artifact pictured could be used for its intended purpose.
For instance, participants from Tamil Nadu noted how the Mridangam drum's leather straps running along its
body are critical for tuning the instrument when played. Similarly, participants from Kerala described the unique
shape of the Chundan Vallam racing boat (e.g., its narrow, pointed stern) as central to its performance, and agreed
that depictions should include the Amarakaran: the standing oarsmen who �orchestrates and steers the team's
focus during the race�. Similarly, participants from both Indian states repeatedly pointed out when generated
images failed to capture what they felt were the most culturally distinct features of each artifact, such as the
golden hand-woven border that distinguishes a Kasavu saree from sarees emblematic of other regions (�if it's not
white with a gold border, then it's just a saree�), or confused depictions that resembled other board games (like
checkers) instead of Pallanguzhi.

Taken together, these two shared dimensions of functionality and recognizability enable us to unpack what is
shared across all three communities in their desires for cultural representation, while including rubric themes
and criteria that remain context-speci�c and grounded within the unique perspectives of each community.

4.1.2 Assessing the alignment of our rubrics with community preferences. We interrogate the validity of our
rubrics by examining whether they align with preferences expressed by community members during workshops.
Speci�cally, we compare (a) labels of cultural appropriateness obtained by having a member of our research team
manually evaluate the rubric criteria to (b) participants' judgments of whether or not images were appropriate
to be shown from the �rst workshop activity. We aggregate judgments across workshop participants by taking
the majority judgment.2 We �nd that for over 80% of images, the label produced by manually applying the
rubric matches the majority participant judgment (see Appendix Table 8). Note that we may not expect perfect
alignment because of the inherently plural and contested nature of cultural representation, which lacks a singular
ground truth. In our own workshops, participants' judgments of cultural appropriateness disagreed with each
other for 33% of the workshop images.

4.1.3 Comparing our community-informed rubrics with LLM-generated rubrics. We observe several di�erences
when examining how our rubrics di�er from those generated by an o�-the-shelf LLM, as described in Section 3.3.
Many of the LLM-generated rubric criteria accurately capture surface-level properties of the artifacts, such

2We note as one limitation of this comparison that these participant judgments were used to create the rubrics in the �rst place. Ideally we
would interrogate validity using a new set of images and new participant judgments.
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Table 1. Human vs. MLLM application of the rubrics. Using 50 generated images per artifact, we report (i) the proportion
of images labeled as culturally appropriate by humans versus an MLLM, and (ii) agreement between MLLM and human
labels. We further disaggregate agreement by images the human labeled as appropriate versus inappropriate.

Artifact
Human

(% Appropriate)
MLLM

(% Appropriate)
Agreement

Overall
Agreement

Appropriate images
Agreement

Inappropriate images

Guide cane 0.40 0.44 0.84 0.84 0.83
Braille notetaker 0.08 0.20 0.82 0.65 0.83
Pallanguzhi 0.18 0.12 0.78 0.22 0.90
Mridangam 0.10 0.21 0.84 0.76 0.85
Kasavu saree 0.12 0.21 0.88 0.87 0.88
Chundan Vallam 0.00 0.17 0.83 N/A 0.83

as noting the �distinct golden border� of a Kasavu saree or describing a guide cane as �a long, slender stick�
(Appendix C.2). However, several LLM-generated rubrics include criteria that are inaccurate, re�ecting a funda-
mental misunderstanding of the objects. For example, the rubric for braille notetaker requires that the depiction
�resemble an electronic notebook� and �include a display for visual feedback,� two features that are inaccessible
to blind users and uncharacteristic of braille notetakers. More generally, most LLM-generated rubrics omitted
or underspeci�ed features that community members viewed as essential for functionality or recognizability. The
Mridangam rubric, for example, omitted the drum's characteristic black circular membrane that is necessary
to its tone. These omissions were not uniform across artifacts: some LLM-generated rubrics, such as that for
the Kasavu saree, overlapped substantially with community rubrics, whereas others, most notably the braille
notetaker, diverged sharply (see Appendix C.2 for further discussion). This suggests that community participation
is essential for artifacts or concepts that are at present poorly captured by LLMs.

4.2 Operationalizing MLLM-as-a-judge metrics (RQ2)
We demonstrate how our community-informed rubrics could be operationalized into automated measurement
instruments by using an MLLM to assess the rubric criteria, as described in Section 3.4. We also consider a
manual implementation, in which criteria are annotated by a member of our research team. We use both of
these measurement instruments (automated and manual) to label 300 images generated by �ve state-of-the-art
text-to-image models as culturally appropriate or not. Table 1 summarizes the results. In what follows, we
�rst analyze the human annotations of criteria to examine how state-of-the-art models depict cultural artifacts,
showing how the rubrics enable interpretable comparisons that reveal model-speci�c failure modes. We then
compare MLLM-generated and human annotations. We emphasize that our goal in this work is not to optimize
this implementation of the MLLM-as-a-judge system, but rather explore its feasibility, as best practices for
MLLM-as-a-judge approaches remain an active area of research [21, 72, 101].

4.2.1 What rubrics reveal about cultural representation. We begin by examining the human annotations of the
rubric criteria for the 50 images per artifact. Across all artifacts, we �nd that state-of-the-art text-to-image models
rarely produce depictions that satisfy all rubric criteria, resulting in low rates of images being labeled as culturally
appropriate (�rst column in Table 1). The proportion of culturally appropriate images varies substantially across
artifacts�40% of guide cane images meet all criteria, compared to roughly 10% of braille notetaker and Mridangam
images, and no images of the Chundan Vallam. This pronounced class imbalance for all but one artifact re�ects
the current limitations of frontier models in representing cultural artifacts. This indicates that our community-
informed rubrics capture meaningful errors of representation, even for models that we did not show to participants
during our workshops, such as GPT Image-1 and Flux (discussed further in Appendix C.5).
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Fig. 5. Human-MLLM judge alignment for individual rubric criteria. A histogram that shows the human-MLLM
agreement rate for individual rubric criteria. We find that there is high variance in the MLLM's ability to annotate criteria
accurately. For instance, GPT 4-o has low accuracy (agreement rate 0.46) annotating whether a drum's head is made of the
correct material, but high accuracy (agreement rate 0.98) determining whether a cane is white in color.

Inspecting the speci�c criteria that are commonly violated, we �nd that di�erent models exhibit distinct failure
modes (see Section C.5 in the appendix). For example, the GPT Image-1 images of the Mridangam are primarily
deemed inappropriate because they (incorrectly) add atypical decorative patterns on the drum's body. In contrast,
the other models violate a much wider range of rubric criteria: e.g., applying our rubrics reveals how all of the
DALL·E 3, Flux.1 DEV, and Stable Di�usion images fail to depict the Mridangam's black circular membrane. This
analysis highlights the potential value of our rubric criteria in providing interpretable insights about the types
of errors of representation made by di�erent models, and the ability to track and measure them over time.

4.2.2 Interrogating the validity of automated application. To assess the feasibility of automating rubric application,
we compare MLLM-generated annotations to human annotations for each rubric criterion. Across artifacts, the
MLLM's labels of cultural appropriateness agree with human judgments for 78�88% of the images in our dataset
(fourth column in Table 1), with a consistent tendency to over-predict appropriateness for �ve of the six artifacts.
Disaggregating by images labeled as appropriate versus inappropriate by humans reveals two types of MLLM
errors. Human-MLLM agreement for the inappropriate images tells us the MLLM's ability to recognize violated
criteria. In contrast, human-MLLM agreement for the appropriate images tells us whether the MLLM can recognize
valid depictions. Each has di�erent implications for how practitioners might revise their rubric criteria to improve
judge performance, as the best steps forward depend on the type of error being made�for instance, relaxing or
clarifying criteria to address false negatives vs. strengthening or expanding criteria to address false positives.

To better understand the di�erences between the manual and automated implementations, we break down
agreement by each of the individual rubric criteria. Figure 5 shows the distribution of agreement scores across
the 48 total criteria taken from our six rubrics. Agreement varies substantially: while many criteria are annotated
accurately (44% of criteria have agreement rates above 80%), 10% of criteria have agreement rates below 50%,
indicating performance no better or even worse than chance. Many of the criteria on which the MLLM-judge
performed poorly (i.e., the �low-accuracy criteria�) were those that required the artifact to be depicted in a speci�c
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shape or spatial arrangement, such as a valid braille cell con�guration (39% agreement), the stern shape of a
Chundan Vallam (43%), or arrangement of pits on a Pallanguzhi board (64%). Other low-accuracy criteria are those
based on features that are di�cult (for both humans and machines) to infer from visual information alone [37],
such as the material of a drum's head (46%), or the type of wood used to create a Pallanguzhi board (56%). In
contrast, high-accuracy criteria typically describe visually salient features, such as the color of a guide cane
(98%). Many low-accuracy criteria correspond to features that community members identify as highly important,
highlighting opportunities to improve MLLM-based judging. We include the agreement rate for each criterion
and a further discussion of judge performance in Appendix C.6.

5 Discussion
In this section, we discuss our study's contributions to and implications for the emerging interdisciplinary debate
around how to bring stakeholder perspectives into the design of evaluations for generative AI, a topic that is
gaining attention within the FAccT community [63, 82]. Our goal in conducting this study is not to advocate for
any one particular methodology as the ideal way for practitioners to engage stakeholders in measurement design.
Instead, our goals are to highlight the key bene�ts and challenges that surfaced across engagements with three
di�erent communities, to o�er re�ections on the methodological limitations of our exploratory approach, and to
identify opportunities for future work. To this end, we re�ect on open research challenges in automating the
application of rubrics (Section 5.1), situate our work within the larger discourse on tensions between participation
and scale (Section 5.2), and discuss important limitations of our study (Section 5.3).

5.1 Towards the design of valid, community-centered MLLM-as-a-judge pipelines
A gold-standard approach to centering community participation in measurement would involve sustained commu-
nity engagement across all phases of the measurement lifecycle (Figure 2), but we recognize that such approaches
might be prohibitively costly for both communities and industry practitioners [31, 128]. Accordingly, our method-
ology re�ects a pragmatic design choice: we invite community members to participate in systematization through
one-time workshops, and then examine the extent to which MLLM judges can operationalize these criteria e�ec-
tively o�-the-shelf, without further customization or experimentation. Our �ndings, however, reveal substantial
variation in how reliably MLLM judges apply di�erent rubric criteria, raising important concerns about their
resulting validity. Prior work has documented the brittleness of MLLM-based judges, including systematic biases
[73, 126] and sensitivity to prompt formulation [72]. More broadly, both AI researchers and quantitative social
scientists emphasize that the measurement design process is inherently iterative [1, 39, 101, 117]. As Adcock and
Collier [1] argue, systematized concepts often require revision once confronted with the practical challenges of
operationalization, e.g., the realization that a systematized concept may be too di�cult to reliably measure.

Iteratively re�ning rubric criteria to improve their legibility to automated judges is a critical next step for
future work and a limitation of this current study that aimed to focus on systematization. Addressing these
questions requires grappling with both technical challenges in the design of MLLM-as-a-judge pipelines [39, 72],
and human-centered challenges in thoughtfully engaging community members in a highly specialized and
technical measurement design process [107]. Future work can also conduct more critical studies of the implicit
limitations of automated approaches to measurement, e.g., drawing upon literature from critical algorithm studies
[64, 120], and provide guidance for when alternative ways of evaluating AI systems (e.g., direct engagement with
stakeholders [74, 119]) may be preferred.

5.2 Defining the scope and purpose of community-centered measurement
Our goal in this work is to sca�old community participation in the evaluation of general-purpose, universally-
scoped foundation models. Our methodology builds upon the framework put forward by Suresh et al. [108],
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who pose that even though foundation model design is largely centralized, local communities can still pursue
meaningful participatory e�orts at the �surface layer,� which corresponds to a speci�c context (e.g., generating
culturally representative media that depicts the unique material culture of Kerala) and groups of stakeholders
(e.g., residents of Kerala whose culture is being depicted in those images).

Our �ndings show that community participation can shape measurement design by contributing lived, em-
bodied expertise that is di�cult to capture through reference images or automated approaches alone. Rather
than providing a surface-level description of the visual attributes of each artifact, participants' descriptions spoke
to how artifacts are used and experienced in practice. This insight a�rms past work showing that anonymous
crowd workers often lack the cultural expertise required for evaluative tasks, even when provided with reference
images [45, 47, 93]. In contrast, many LLM-generated rubrics failed to capture these salient features and in some
cases re�ected confused or inaccurate understandings. This �nding extends those from past work, which describe
how LLM-generated rubrics are often overly vague or underspeci�ed [109], to reveal how these rubrics may
re�ect deeper cultural misalignment. Taken together, these results suggest that community participation in
de�ning evaluation criteria can help bridge epistemic gaps in large pretrained models, particularly for low-data
cultural artifacts [47, 77], improving the validity of the resulting measurement instruments.

Beyond asking community members to contribute their knowledge, community participation also enables
communities to express their more normative desires and preferences for cultural representation. For example,
while it is common for braille notetaker devices to have either a QWERTY or braille keyboard, blind community
members consistently expressed a preference for braille keyboards, which better emphasize tactile culture and
align with shared advocacy goals around increased public investment in accessible technologies. Thus, even
in settings where multiple depictions may be technically accurate, participation enables communities to make
critical decisions about how they desire to be represented. This more normative role reveals how participation
is still valuable in a setting where an LLM can fully describe a cultural artifact, as it is still up to the community
to make choices about which depictions they do, or do not, desire.

While our �ndings illustrate the potential bene�ts of human-centered approaches to measurement through close
collaborations with three communities and just a small set of artifacts, many open questions remain. In real-world
settings, foundation model providers must prioritize engagement across thousands of communities and a wide
range of content [119,127,128], a scale at which both our methods and related qualitative approaches to identifying
representational harms (e.g., [74, 93]) are not feasible to apply. Our �ndings highlight key considerations for
identifying where community participation is most valuable in measurement design. We found that LLM-
generated rubrics may serve as a reasonable starting point for some cultural artifacts (Section 4.1.3), but not
others. Practitioners may consider inviting community members to assess the face validity of LLM-generated
rubrics as a lightweight check. If the rubrics diverge signi�cantly from community members' understandings of
the content being evaluated, this is a signal that a deeper engagement (using methods like ours) may be warranted.

In this study, systematization of knowledge into rubrics was done synchronously, and in detail. The depth of
our exploratory engagement reveals several promising directions for adapting this process to reduce the potential
time and labor expected of both communities and practitioners. One direction is to elicit community members'
desires for cultural representation asynchronously, drawing upon known deliberation approaches (e.g., the Delphi
technique [55]) or emerging interfaces to support users in designing LLM-as-a-judge pipelines [39, 92, 101].
Practitioners can also avoid starting from scratch by instead asking communities to revise and critique LLM-
generated rubrics, treating automated outputs as provisional baselines rather than authoritative representations.
Another complementary direction for future work can explore how practitioners can ground rubric development in
themes identi�ed by prior qualitative research, e.g., shared themes that articulate participants' desires for cultural
representation, like those identi�ed here and by Qadri et al. [93], or work that documents the representational
harms experienced by marginalized communities [10, 12, 75, 76, 94]. Practitioners can use these themes identi�ed
by past literature to sca�old more e�cient elicitation of speci�c visual criteria that can be used to score images.



Evaluating AI-Generated Images of Cultural Artifacts FAccT '26, June 25�28, 2026, Montreal, QC, Canada

While such lower-touch approaches may improve scalability, our study suggests that synchronous engagement
plays an important role in fostering participant buy-in and surfacing deeper insights into participants' more
normative desires for cultural representation (the higher-level themes) [93], highlighting an open question about
how much of this depth can be preserved in more lightweight models of participation.

5.3 Limitations
There are many approaches to sca�olding engagements with impacted communities�for instance, pursuing
sustained engagements with organizations with de�ned memberships and structures of communication [114, 128].
In contrast, in this work, we chose to engage individuals who held shared identities and life experiences but
otherwise did not know each other. While this recruitment strategy is in line with past HCI research on repre-
sentational harm [11, 75, 93], our broad conceptualization of �community� as a group of individuals who hold
a shared cultural identity has limitations. Our workshop data allowed us to identify preferences that were shared
across the individuals we interviewed. However, our small sample of participants recruited through convenience
sampling does not enable us to make claims that will generalize across the entire community: a common limitation
of qualitative research [69].

We made the value-laden choice to sca�old participation as consultation [6]�one-time workshops to elicit
participants' preferences�rather than engaging the community as full collaborators with the power to shape and
own research outputs [31, 108]. While there are several potential bene�ts to pursuing lower-touch approaches
to participation, such as respecting and attempting to minimize the labor required from participants [128], we
acknowledge that such approaches run the risk of being exploitative if outputs are misused by researchers, or if
community members are not adequately compensated for their labor [27, 31]. There is more work needed to de-
velop methods that meaningfully shift power to community members, e.g., as part of a grassroots, community-led
project where community members have full ownership over critical measurement decisions [88].

Our decision to prioritize criteria that were agreed upon across participants when designing rubrics, excluding
those that were contested, has several limitations. While our approach focuses on those criteria viewed as
most essential to a culturally appropriate depiction, without engaging more deeply with contestedness and
disagreement, it runs the risk of replicating dominant or hegemonic views [32]. Future research can build upon
our methods, which surface disagreement across participants, to pursue alternative approaches to reconcile
these disagreements through continued engagements, e.g., using deliberative or discursive methods to reach
group consensus [11, 93], or exploring innovative approaches to measurement that allow for more than one
singular �ground truth� [42, 104]. Finally, our rubrics systematize cultural appropriateness for depictions of
cultural artifacts in isolation, and further work is needed to extend these methods to design rubrics for more
realistic, complex cultural scenes [10, 93, 114].

6 Conclusion
Rich qualitative work from the FAccT community has demonstrated that AI models fail to represent people from
marginalized communities as they wish to be seen. We explore one potential path forward: supporting participation
in designing evaluations that can be automatically applied to score AI-generated outputs. Our �ndings open a
broader discussion about the technical challenges of designing valid measures, and the value community input
adds relative to fully automated evaluation approaches. We are hopeful that practitioners can adapt and extend
the exploratory methods presented in this work to create more contextually grounded AI evaluations.
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7 Endma�er Statements

7.1 Ethical Considerations Statement
Our study protocol, recruitment material, and consent form were reviewed and approved by our institution's
ethics review board to ensure they followed best practices. Participants were compensated and informed that
they could withdraw from the study at any time without consequence.

A central ethical consideration throughout the study was co-creating access with participants with di�ering
needs. Drawing on best practices in accessibility research [9, 28, 80], we adapted our protocol to support non-
visual access to AI images by creating carefully designed alt text, and inviting BLV community members to
participate in cross-ability pairs, detailed in Appendix B.2.1. We also regularly solicited participant feedback
during workshops so that we could modify our facilitation approach to increase comfort for participants, e.g., by
repeating our alt text descriptions or o�ering more regular breaks to rest in between activities.

When designing our protocol, we carefully considered the risks of exposing participants to harmful or o�ensive
AI-generated depictions, as prior work has shown that repeated exposure to representational harms can be
disempowering [122, 129]. To mitigate these risks, we pre-generated all images shown in workshops rather than
generating them live. Pre-generation also allowed our research team to curate a diverse set of meaningfully
distinct images that we could show participants, reducing the annotation burden expected from participants so
that they would not need to give us feedback on the same types of errors.

Our approach inherits familiar risks and limitations of related participatory AI e�orts that are discussed
in past scholarship [31, 103, 108, 128]. First, we our proposed methods require labor from participants who
may already be marginalized. To this end, we encourage practitioners to consider how participation can be
meaningfully compensated, and discuss ways in which participation might otherwise be made less burdensome.
While participation in measurement o�ers great potential to shape foundation model development, we also
caution that participatory evaluation may not yield immediate or tangible bene�ts for community members, such
as improved representations in deployed models [27, 103]. Accordingly, we urge practitioners to be transparent
about how the outputs of participation (e.g., the resulting measurement instruments) will be used and what
bene�ts, if any, participants can reasonably expect (e.g., beyond contributing to research).

7.2 Generative AI Usage Statement
Generative AI tools were not used to generate original content, analyses, arguments, �ndings, or interpretations.
All academic contributions, including our literature review, workshop data collection, workshop data analysis,
interpretation, and writing were produced by the authors. The authors did make use of generative AI tools to
support brainstorming throughout the paper writing process. ChatGPT (based on GPT-5.2) was used to brainstorm
alternative terminology choices, for instance, for describing measurement approaches that can be deployed at
scale.ChatGPT was also used to brainstorm ways to more clearly format results tables and �gures. For all uses,
the authors did not copy the text directly output by LLMs, but instead reviewed what was generated and used
their own judgment to make revisions to the paper.
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Appendix
This appendix contains supplementary materials for our study. We include the full evaluation rubrics for each
cultural artifact (Appendix A), our complete protocols and other study materials (Appendix B), and supplemental
experimental results (Appendix C).
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A Complete set of evaluation rubrics
As described in the main text, the systematization of cultural appropriateness for each artifact is organized around
binary (Y/N) criteria. Each criteria speci�es a condition that must be met in order for a depiction of the artifact to
be culturally appropriate. We say that an output is culturally appropriate if all of the criteria are satis�ed. While
the speci�c criteria vary by artifact, they are organized under themes that are shared across each community.

Theme Criteria for guide cane Criteria for braille notetaker
Theme 1. The object needs
to be functional as an assis-
tive technology, and usable
by someone who is blind.

C1. No deformed canes.
C2. No curved (crooked) handles.
C3. The cane must be shaped like a
long (5 foot) stick.
C4. The body must have sections
that are a white color.
C5. There must be a tip at the bot-
tom of the cane.

C1. The device must be shaped like
a thin rectangular box.

The device must have a valid braille
output, to read:
C2. The device must show braille.
C3. All depictions of braille must be
tactile (embossed). No depictions of
braille on electronic screens.
C4. Depictions of braille must be
valid: arranged in cells with 3 or 4
rows, and 2 columns.

The device must have a valid braille
input, to write:
C5. The device can have a qwerty
keyboard, or a braille keyboard. A
braille keyboard must have 3 or 4
keys (right), a space bar, and then
3 or 4 keys (left). These keys are
positioned next to each other in a
straight horizontal line.

Theme 2. The object in the
image should not be con-
fused with other, more hege-
monic objects, such as ob-
jects that are used predom-
inantly by people who are
sighted.

C1. No wooden walking sticks.
C2. No decorative striped patterns
(candy canes).

C1. No depictions of notetaking as
writing using a pen on paper.
C2. No devices that are shaped like
laptops with an electronic screen
output.
C3. No devices that are shaped like
handheld calculators with an elec-
tronic screen output.
C4. No devices that are shaped like
manual typewriters.

Table 2. Community-informed evaluation rubrics to score AI images of a guide cane and braille notetaker. The
rubric criteria are organized under two themes. An image is defined to be culturally appropriate if all of the criteria are met,
and culturally inappropriate otherwise.
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Theme Chundan Vallam Mridangam Pallanguzhi Kasavu saree
Theme 1. The artifact
must retain a cultur-
ally recognizable physi-
cal structure and must
not resemble objects
that are popular or as-
sociated with unrelated
traditions or contexts.

C1. It must not resemble
other passenger boats (like
Kerala house boats, Chinese
dragon boats, long-tailed
Thai boats or ferry boats).
C2. The boat must be long
and narrow.
C3. The bow of the boat
must be a plain wooden ex-
tension without decorative
structures.
C4. The stern of the boat
must be a straight pointed
tip angled slightly upward.

C1. It must not resem-
ble other percussion instru-
ments (like Tabla, Drum,
Damaru, Dhol).
C2. The instrument must
be long, barrel-shaped,
and tapered at both ends,
each ending in a rounded,
double-headed form, with
one end slightly larger than
the other.
C3. The body of the instru-
ment must be made out of
jackwood.
C4. There must not be intri-
cate design or detailed pat-
terns on the body.

C1. It must not resemble
other board games (like Mo-
nopoly, Tic Tac toe, etc.).
C2.The game board must
be symmetrical along the
length and consist of two or
three rows of pits. The rows
should have at least 5 pits.
C3. The game board must
be �sh or rectangular in
shape.
C4. The game board must
be made out of teakwood.
C5. The pits must be circu-
lar and evenly spaced.

C1. It must not resemble
other items like a tablecloth,
Kerala Mundu or curtains.
C2. The saree color must
be o�-white with a medium
width (3�5 inch) woven
gold border.
C3. The saree must be
made of crisp cotton fabric
throughout.
C4. The saree must not con-
tain heavy embellishments.

Theme 2. The arti-
fact must preserve its
intended functional or
performative purpose
as understood within
its cultural context (e.g.,
as a game, garment, or
tool).

C1. Oarsmen must sit in
pairs along the length of
the boat. If no oarsmen are
present, consider the crite-
ria as met.
C2. Each oarsman must use
only a single paddle. If no
oarsmen are present, con-
sider the criteria as met.
C3. The paddle must be
longer and angled down-
ward toward the water. If no
oarsmen are present, con-
sider the criteria as met.
C4. One person must be
standing at the bow or cen-
tre position of the boat. If no
oarsmen are present, con-
sider the criteria as met.

C1. The heads of the in-
strument must be stretched
goat, cow or bu�alo skin.
C2. A black circular mem-
brane must be present in the
middle of both heads and
must be slightly raised from
the stretched skin surfaces.
C3. The black circular mem-
brane on the smaller end
must be slightly smaller
than the one on the larger
end.
C4. The instrument must
have longitudinal leather
straps lacing along its body
connecting the two heads
under high tension.

C1. The size of the to-
kens must not be too small.
The tokens should be dis-
tributable by hand.
C2. The pits must be big
enough to accommodate
multiple tokens.

C1. The saree must be
shown in a way that clearly
presents its pleats and
drape.

Theme 3. The artifact
should follow cultur-
ally appropriate place-
ment or arrangement,x
as practiced in tradi-
tional usage.

C1. The oarsmen must be
seated facing the stern. If no
oarsmen are present, con-
sider the criteria as met.
C2. Oarsmen must wear
the same attire, typically
a white traditional Kerala
mundu without upper gar-
ments. If no oarsmen are
present, consider the crite-
ria as met.

C1. The orientation and po-
sitioning of the instrument
must be horizontal, lying on
its length.

C1. The tokens can be
cowrie shells or tamarind
seeds.

None

Table 3. Community-informed evaluation rubrics to score AI images of a Chundan Vallam, Mridangam, Pallan-
guzhi, and Kasavu saree. The rubric criteria are organized under three themes that are shared across the six Indian artifacts.
An image is defined to be culturally appropriate if all of the criteria are met, and culturally inappropriate otherwise.
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B Community workshop methodologies & study materials
In this section, we present extended methodological details for both the blind and low vision (Section B.2) and
Indian (Section B.3) community engagements.

B.1 Summary of di�erences between protocols
Our three community engagements adopt di�erent methods to engage community members in the process of
systematization. We conducted our study in two phases, where we adopted a shared methodology to engage both
residents of Tamil Nadu and Kerala, and a di�erent methodology to engage BLV community members in the UK.
These di�erent methodologies re�ect di�erent cultural contexts and best practices in creating access for each
community. Each engagement was conducted and facilitated by di�erent members of our research team, who
also experimented with small adaptations when implementing our shared protocol. Table 4 summarizes notable
di�erences in how our study methodology di�ered across contexts. The table provides a brief justi�cation for
why we made each methodological decision.

B.2 Extended study protocol: Assistive technologies used by the blind and low vision community
B.2.1 Creating access to images. To elicit blind and low vision community members' preferences about AI images,
we needed to determine how to facilitate non-visual access to these images. First, following a best practice from
past work asking blind participants to evaluate AI images [57], we created alt text for each image. To encourage
consistency in the amount of detail provided for each image, a blind community member on our research team
created a template of important characteristics to describe (e.g., for each image of a guide cane, we always
described its shape, material, and color). We include example images and their alt text descriptions below.

We additionally drew on past scholarship on cross-ability collaborative work in which a blind user and sighted
partner work together to complete a task [9, 17, 29, 80]. While sighted strangers may misunderstand the access
needs of their collaborators [17], recent studies have adopted cross-ability protocols between participants who
already know each other well and have established trust and comfort working together [80]. We follow calls from
Bennett et al. [9] to understand blind community members not as passive recipients of assistance, but to instead
recognize their expertise in creating access throughout the collaboration. When collaborating, we emphasized
the unique skills of each participant: the blind community member as the expert on how the selected artifacts
worked and how they would like their community to be represented, and their sighted collaborators as capable
of providing a visual perspective on what is shown in images. When responding to images, the facilitator invited
participants to further discuss what is shown in each image as a pair [80].

B.2.2 Recruitment & Workshop Activities. To recruit blind and low vision individuals who currently reside in the
UK, we adopted a purposive sampling approach [91]. We recruited participants from two email lists: an internal
list of blind and low vision community members who had consented to receive information about future studies
at our institution, and an open list for blind and low vision technology users in the UK. We asked each blind or
low vision participant to invite a sighted partner of their choice to the study, following Muehlbradt and Kane
[80]. Relationships between community members and their partners included friends, partners, siblings, and
children. One blind community member invited a friend who is visually impaired to participate as their buddy.
More information about participants is in Table 5.
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Di�erence between methods Methodology for blind and low vision
in the UK

Methodology for South Indian states

Prompts used to generate imagesWe used simple prompt templates (e.g.,
�a photo of a guide cane�), as described
in Appendix B.2.3.

Simple prompt templates that used the
transliterated name for each artifact re-
sulted in representations that were com-
pletely and totally unrelated. We used
revised prompts from DALL·E 3 that in-
cluded a detailed English description of
each artifact, as described in Appendix
B.3.3.

Composition of the generated im-
ages

Generated images that depicted arti-
facts in isolation (e.g., �oating in an ab-
stract liminal space). Alt text descrip-
tions provided to participants did not
include descriptions of the surrounding
scene. Discussions focused on the ob-
ject in isolation.

Generated images that showed artifacts
in more complex and realistic scenes,
such as drums resting on the ground, or
boats racing in a river. Participants who
responded to images often commented
on the broader scene in which the arti-
fact appeared.

Number of community members
participating in each workshop

Workshops were scheduled individually
with blind and low vision community
members, who could invite a sighted
partner, following a past practice in
cross-ability research with BLV partici-
pants [80]. To understand disagreement
and variance across the community, the
facilitators compared �ndings across
workshops.

Multiple community members (4�5)
participated in each workshop together.
Study facilitators �rst asked partici-
pants to respond to images individually
and then discuss their decisions as a
group. As a result, disagreement across
participants could be surfaced and dis-
cussed in real time [11].

Number of images shown Participants were shown either 5 or 10
images per artifact. Images were dis-
cussed one at a time, and presented by
reading an alt text description. We took
short breaks to prevent participant fa-
tigue.

Participants were shown 16 total images
of each artifact, sorted into 4 groups.
Images were discussed one at a time.

Rating scale Participants were asked to provide bi-
nary judgments of cultural appropriate-
ness:
1: This image can never be shown
2: This image can be shown

Participants were asked to make deci-
sions on a 3-point scale:
1. Can be shown
2. Needs improvement
3. Cannot be shown

Table 4. Summary of di�erences between community workshop protocols. The table summarizes key di�erences
between the workshop methodologies used to engage the three communities. Di�erences in protocols reflect di�ering access
needs, and also small changes made at the discretion of di�erent workshop facilitators.

Each pair of participants participated in their own workshop, following Muehlbradt and Kane[80], to give
community members the space to openly discuss each activity with a partner they already felt comfortable with.
Workshops were conducted synchronously online between December 2024 and March 2025, were facilitated by
the �rst author, and ranged from 45 to 90 minutes. Participants were compensated ¿75, and all workshop studies
were approved by our institution's ethics review board.

Workshops began by introducing the goals of the project: to help the study designers understand how commu-
nity members evaluate whether an image is an appropriate representation of their culture. To ground participant
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IDs Relationship B's Age B's Location Objects discussed
B1/SP1 Friends 18�34 She�eld, England Braille notetaker
B2/SP2 Friends 18�34 London Area, England Guide cane, braille notetaker
B3/SP3 Parent/Child 55�74 Undisclosed Guide cane
B4/SP4 Parent/Child 35�54 London Area, England Guide cane, braille notetaker
B5/VIP5 Friends 35�54 Undisclosed Guide cane
B6/SP6 Friends 55�74 Glasglow, Scotland Guide cane, braille notetaker
B7/SP7 Siblings 55�74 London Area, England Braille notetaker
B8/SP8 Friends 55�74 Perth, Scotland Guide cane, braille notetaker
B9/SP9 Friends 55�74 London Area, England Guide cane

Table 5. Participant information about each blind and low vision community member (B) and their sighted
partners (SP). We report each community member's age and (when disclosed) location of residence at the time of study.
One participant (B5) invited a visually impaired friend (VIP5) to participate as their buddy.

discussions, we introduced the study activities by providing a hypothetical scenario for how the images they
were shown would be used (�A media company has collected several images of a guide cane, and they need your
help to understand which of these images they should show to users�).

For each artifact, we conducted two study activities. First, we asked participant pairs to react to both the
AI-generated images and real photographs selected from Step 2. Images were presented one-at-a-time. After
providing the alt-text description of the image, the facilitator asked participants to share if they felt that the image
could be shown to represent the artifact, or should never be shown, and why. Based on participants' responses
and interests, the facilitator asked follow-up questions to prompt participants to elaborate on what exactly made
a particular image a good, bad, o�ensive, or incorrect depiction of the artifact. When responding to images, the
facilitator invited participants to further discuss what is shown in each image as a pair [80].

The last workshop activity invited participants to re�ect on what they had seen so far to create a list of the
most important things that need to be shown in a culturally appropriate portrayal of the object (open-ended), and
provide reasons for each of their responses. This activity encouraged participants to articulate concrete visual
criteria that shaped their decisions. The study facilitator asked clarifying questions that encouraged participants
to re�ect on whether a characteristic could vary between portrayals of the object or encourage participants to
prioritize whether some characteristics were more important than others.
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B.2.3 Prompt generation templates. Table 6 shows the two prompts that we used to generate images: prompting
using the artifact name, and prompting using the artifact name along with a short description written by a
community member on our research team. We qualitatively observed that providing a description of each artifact
resulted in improved representations, but all of the generated images we reviewed still had at least one error (e.g.,
with the arrangement of keys on a braille notetaker or the handle shape of a cane). Images were generated using
the DALL·E 3 and Stable Di�usion 3 Medium APIs.

Prompt template and example Example image

Artifact only: �A photo of a guide cane�

Artifact + artifact description: �A photo of a guide cane. A guide cane, or white cane, is an
assistive technology used by people who are blind. It is a collapsible lightweight cane made of
aluminum.�

Table 6. Prompt templates used to generate images to show community members. Artifact descriptions were wri�en
by a blind community member on the research team.
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B.2.4 Selected Images & Alt Text. Below, we include the �nal dataset of images (including AI images and real
photographs) that were shown to workshop study participants with the alt text that we provided.

Image Alt text description

1
The cane is made out of wooden material. It is a deep brown color. It has a
curved grip, and straight body. The bottom part of the cane has a straight
rubber tip.

2
The cane is made out of lightweight plastic material. It is a white color, with
a band of red re�ective tape at the top of its body. It has a curved grip, and
straight body. The bottom part of the cane has a straight rubber tip.

3
The cane is made out of re�ective metal material. It is a dark blackish brown
color. The body of the cane is bent at a right angle. There is no visible handle
or tip.

4

The cane is made out of lightweight metal material. It is a light grey color,
with two bands of red re�ective tape. It has a straight grip, with a wrist
strap. The bottom part of the cane has a round plastic marshmallow-shaped
tip.

5

The cane is made out of plastic material. It is a white color and has four wide
bands of red re�ective tape arranged like stripes. It has a curved grip, and
straight body. The bottom part of the cane has a round mushroom shaped
tip.
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