
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

CulturAI: Informing Cultural Alignment for Text-to-Image
Generators

Sarah Kiden∗
Tayyaba Azim∗

University of Southampton
Southampton, UK
sk3r24@soton.ac.uk
ta7g21@soton.ac.uk

Maira Klyshbekova∗
Oriane Peter∗

King’s College London
London, UK

maira.klyshbekova@kcl.ac.uk
oriane.peter@kcl.ac.uk

Gisela Reyes Cruz∗
Damian Eke∗
Aislinn Bergin∗
Maria Waheed∗

University of Nottingham
Nottingham, UK

gisela.reyescruz@nottingham.ac.uk
damian.eke@nottingham.ac.uk
aislinn.bergin@nottingham.ac.uk
maria.waheed@nottingham.ac.uk

Abstract
Text-to-Image (T2I) generators and models are increasingly becom-
ing popular across the world, and are being used to generate images
and illustrations for various purposes including education, market-
ing, media and as sources of inspiration. While they offer promise,
evidence suggests that T2I models present challenges related to
over-representation of some cultures (e.g. mostly Western), harms
to minoritised cultures, and geographical erasure. We report on an
ongoing project, CulturAI, investigating the state of cultural repre-
sentation in T2I models, and developing criteria and quantitative
and qualitative evaluation metrics to inform cultural alignment for
T2I generators. Drawing on a scoping review of literature on the
topic, and three virtual workshops with 33 experts and individu-
als from diverse cultural backgrounds, initial insights indicate the
complexity of evaluating cultural sensitivity of T2I models and the
need to expand the discussion to include experts on culture and
people with lived experiences.

(Wordcount = 2410)

CCS Concepts
• Human-centered computing → Human computer inter-
action (HCI); HCI design and evaluation methods; • Computing
methodologies → Artificial intelligence.
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1 Introduction
Text-to-Image (T2I) models such as DALL-E, Midjourney and Gem-
ini are gaining popularity across global communities, where they
are used to generate visual representations of a variety of images
and illustrations. Whilst they offer flexibility and lower the access
barrier for image making, evidence suggests that, when prompted
without a specific cultural identity, the outputs of T2I models fre-
quently reflect Western cultural norms and perspectives, and may
perpetuate harms, misinformation and cultural or geographical
minimisation [6, 8, 10, 18]. Although recent research has focused
on the biases and stereotypes these models can reinforce (e.g., mis-
representation, erasure, stereotyping), there has been less attention
on how well these models capture the full diversity and complexity
of different cultures. Moreover, ‘culture’ as a construct is complex
to define due to its multifaceted nature [14]. To navigate this, Artifi-
cial Intelligence (AI) research often conceptualises culture through
discernible patterns like skin tone or facial features, or by utilising
cultural proxies. These proxies are essentially measurable stand-ins
for the broader concept of culture, enabling researchers to bench-
mark how AI models grasp cultural aspects [7, 19]. Cultural proxies
include, but are not limited to, demographic factors (e.g., gender,
name, geography), semantic material attributes (like apparel, cui-
sine, cultural artefacts), and semantic non-material attributes (such
as beliefs, norms, games, myths, events, celebrations).

In this project, we are interested in examining the missing per-
spectives on how culture is represented and evaluated inAI-generated
images. This paper reports on an ongoing project, CulturAI: Inform-
ing Cultural Alignment for Text-to-Image (T2I) Generators, which
is a Responsible AI UK (RAi UK) funded Coordinating Keystone
project, seeking to answer these research questions:

• RQ1: What is the current state of cultural representation
in T2I models?

• RQ2: How can we leverage participatory approaches to
measure cultural representation of T2I models?

• RQ3: How can we integrate cultural considerations into
the evaluation of T2I models?

1
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• RQ4: How can we ensure that the evaluation of T2I models
is representative of more culturally-inclusive perspectives?

2 Background
A fundamental requirement for the usability of Generative AI mod-
els is ’AI alignment’ – the process of steering these models’ outputs
to align with what (some) humans prefer. This steering mechanism
is crucial for ensuring the models generate relevant and desired
results [16]. However, the preferences currently shaping this align-
ment largely reflect those ofWestern, Educated, Industrialised, Rich,
and Democratic (WEIRD) societies [2, 9]. Despite being considered
“standard subjects” in some HCI research, WEIRD communities are
not representative of the broader population in the world [9, 20].
Consequently, there is a growing effort to develop more inclu-
sive and representative approaches to alignment [13]. A crucial
step in steering this evolution of alignment is to first identify and
understand the current misrepresentation in these models. More
recently, these investigations have expanded from textual models
to encompass T2I models, with a growing effort to quantify the
misrepresentation, neglect, or stereotypical depiction of certain cul-
tures. [3, 11, 12, 21]. These studies often rely on benchmark datasets
to compare and assess these models. For instance, Zhang et al. [21]
crawled Google Chrome to obtain images of nine cultural objects
from 30 countries, selecting items that are universal and easily
recognisable. Similarly, Kannen et al. [12] extracted approximately
300,000 cultural artefacts from WikiData. They selected artefacts
which are “commonly held” across a range of cultures, using ge-
ographical location as a proxy for culture. Such approaches have
been criticised for lacking community consultation and adopting a
“technosolutionist and positivist” view of representation, treating it
as objective and quantifiable [17].

In contrast, Qadri et al. [17] argue that representation is not a
static concept that can be objectively evaluated, but rather an ongo-
ing interpretive process that is contested and negotiated. They pro-
pose a “thick evaluation” approach to cultural representation, which
involves capturing in-depth, qualitative reflections and discussions
among participants as they interpret and evaluate AI-generated im-
ages. Instead of relying on predetermined, static features to measure
cultural representation, their approach focuses on the contextual,
discursive, and mutually negotiated nature of image interpretation.
Inspired by Qadri et al.’s thick evaluations [17], we conducted stake-
holder engagement sessions where diverse participants generated
and evaluated images, then discussed visual representations of T2I
models in light of their cultural background.

3 Study Design & Research Status
We conducted three virtual workshops between March and April
2025. Our participant inclusion criteria included individuals older
than 18 years and who are either identified as an expert in the topics
related to the project (i.e., cultural studies practitioner, professional
academic, AI researcher, policymaker, etc.), or are current/potential
users of T2I models with culturally diverse backgrounds (e.g., in-
dividuals or groups who bring diverse perspectives shaped by dif-
ferent cultural backgrounds and experiences, belonging to under-
served communities). This criterion ensures a heterogeneous pop-
ulation capable of navigating the strengths of AI systems from a

multicultural lens and sharing insights that are often underrep-
resented in mainstream discussions. Participants were recruited
through direct outreach via email, known networks, and personal
channels on LinkedIn. A total of 33 participants joined the sessions,
28 self-identified as experts in the first two workshops, while 5
as general public in the third workshop. Participants joined the
workshops from different countries including the UK (where the
research team is based), Bangladesh, India, Kenya, Namibia, Nigeria,
South Africa, Switzerland, and USA, among others. In designing our
workshops, we followed the general participatory workshop and
focus group guidelines [5], and used the Miro Software [1] as our
virtual interactive board. The participants were first presented an
overview of the project and findings of a scoping review [15] of the
literature on T2I models, cultural alignment, and T2I benchmarks
and evaluations. Each workshop was divided into three parts:

(1) Participants worked in small groups on a Miro virtual board
[1] to complete activities that made them reflect on the
context of use of AI-generated images, from both their per-
sonal use experience and AI images they have encountered
elsewhere. They were further asked to reflect on cultural
representation in those use cases. Then, each group collec-
tively generated images using the Gemini multimodal app 1

using prompts adapted from the Mad Libs Hall Pass 2 game,
in which cultural elements were iteratively added. For in-
stance, ‘generate an image of X’, and then ‘generate
an image of X, with/in Y, Z and A’, and so on. Gemini
was preferred over other T2I generators because it did not
require a paid subscription to generate numerous images.

(2) Participants were presented with a general definition of
culture and a long list of cultural elements discussed or eval-
uated to different extents in AI research. These elements
were identified from the scoping review conducted by the
research team prior to the workshops and were grouped in
three clusters: 1) demographic proxies, 2) semantic material
proxies, and 3) semantic non-material proxies. After spend-
ing some time reading this information, participants were
asked to suggest any missing cultural elements in the liter-
ature while discussing their reflections with the rest of the
attendees and facilitators. Some of the elements identified
by participants are shown in Figure 1.

(3) Participants were asked to reflect on how cultural sensitiv-
ity in AI-generated images can be evaluated, by proposing
and discussing criteria and evaluation metrics for conduct-
ing a comparative analysis of T2I outputs in the future.

4 Initial Insights
4.1 Widespread and Diverse use of T2I
Most of the participants reported having used a T2I model for a
wide range of use cases. These included education and research
(illustrations, demonstrations, and images for presentations), so-
cial media, content creation, scenario planning, brainstorming or
ideation (e.g., traditional art, tattoos, logos, film or online/board
game characters), and marketing materials (posters or digital ads).
1Gemini interface https://gemini.google.com/app
2Word game where a player prompts people for words to substitute blank spaces
https://madlibs.com/. In our case, the blank spaces were X, Y, Z and A.

2
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Figure 1: Miro board [1] showing the results of Activity 2. Each pink square is an element or sub-element of culture identified
by participants in one of the workshops.

4.2 WEIRD by Default
The major concern participants raised during their previous usage
centred around the lack of representation outside of WEIRD soci-
eties [9]. Beyond the under-representation of non-WEIRD cultures,
participants noted the perpetuation of a colonial gaze and the cul-
tural erasure of groups, such as Black Women in the representation
of Woman’s Rights struggles. Such concerns were reiterated during
the iterative prompting of Gemini. As observed by participants,
non-specific prompts (i.e., ‘generate an image of X’) tended
to present WEIRD-centric-looking images. Iteratively adding a de-
scription would reveal the implicit assumption embedded in the
model, see figure 2. Such results echo previous research, exploring
the perspectives of people from cultures that are misrepresented in
AI generation [13, 18, 19].

4.3 Missing Cultures
Beyond the issues of WEIRD as a default, an initial finding of the
workshop was that some cultures could not be represented at all.
One participant reported that during their previous usages of T2I
models, they could not generate images of their Rohingya (a state-
less Indo-Aryan ethnolinguistic group) culture, even when using
"very specific instructions and very specific descriptions". This im-
pression was confirmed during the image generation exercise, in

Figure 2: Images generated using the prompt ‘generate an im-
age of a woman’s hair’ (left), then iterated to include ‘African
woman’ (right)

which the participant never felt represented in the produced images.
Notably, another participant of the group pointed out that some
images we generated related to Rohingya culture actually depicted
scenes from Bangladesh (Figure 3). Both participants theorized that
this might be attributed to the significant presence of Rohingya
refugees in Bangladeshi camps, which could have influenced the
model’s training data and semantic representation.

3
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Figure 3: Gemini’s representation of Rohingya and
Bangladeshi children’s in school respectively

4.4 Necessity of Culturally Specific Expertise
Across the three workshops, a recurring theme was that some cul-
tural elements are difficult to identify if you are not part of the
represented culture. Some of the implicit assumptions of the model
could only be identified through nuanced and localised cultural
sensitivities. For example, a participant attempting to generate an
image of a North Eastern Indian breakfast (Figure 4) found that
multiple prompting iterations were necessary, and the results still
largely represented an upper-class demographic, which was not the
case with some more dominant cultures. The participant’s contex-
tual knowledge of Indian cuisine was essential in identifying these
biases, which could otherwise have gone unnoticed. Similarly, the
presence of members of both Rohingya and Bangladeshi cultures
was essential in recognising and understanding the misleading rep-
resentation of the Rohingya culture. The discussions of participants
among themselves during the workshop underscored the impor-
tance of combining specialised perspectives. They also pointed to
the role of discursive practices in detecting and evaluating cultural
representation. The necessity to include a variety of perspectives
was also underscored by the participants. For example, one person
noted that:

“it’s hard actually to evaluate the cultural sensitivity given that
even the way of evaluating cultural sensitivity is different for a differ-
ent culture and different people. So the best thing and the best concept
I can see is the representations of people from different cultures during
the evaluation."

Figure 4: Images generated iteratively using increasingly spe-
cific prompts. Each prompt used is indicated underneath the
corresponding image.

4.5 Quantifiable and Unquantifiable Culture
One of the aims of the study was to develop criteria and evalua-
tion metrics of T2I models in a participatory bottom-up approach.
Participants identified both quantifiable and unquantifiable crite-
ria and evaluation metrics. These include accuracy, correctness
(historic events and representation), realism or quality of images,
demographic features (e.g., body shape, skin tones, hair), precision,
presence/absence of elements (checking yes/no), lists, numeric rank-
ing/rating (Likert scale - 1 to 10), percentages, authenticity, unique
voice and style, level of detail, backgrounds or image surroundings,
and symbols, amongst others. However, consistent across the work-
shops was that some cultural elements (e.g., demographic features
and cultural artifacts) cannot be quantitively and numerically mea-
sured or ranked. Participants described some images as “feeling
off ”, not seeming “natural or genuine”, or making them “feel sad”
in cases where their cultures were severely misrepresented. These
assessments were based more on emotions, atmosphere or overall
‘vibes’ of the outputs, and were dependent on each participant’s
cultural perceptions and experiences. Participants recommended
that in such cases, T2I evaluators should review the image outputs
in context and with guidance from the cultural experts or people
with a living experience in specific cultures. One participant stated
that:

“I think the metrics that you can use, because we are dealing with
culture and we’re dealing with heritage, I think it’s something that is
more people-centred. For us to know the performance, I think it’s better
to go back to the communities because heritage is community-based,
so we can only know whether our system is working well by hearing
from the communities."

5 Future Work
Our initial workshops have already explored participatory approaches
for measuring cultural representation (RQ2) and generated insights
that will now guide our investigation into the remaining questions.
Specifically, these findings will inform the design of methodologies
to understand the current state of cultural representation in T2I
models (RQ1). Our immediate next step involves a thematic analy-
sis [4] of workshop transcripts, which will be validated through a
follow-up consultation survey with participants.

Building on these collective insights, we will design and explore
testing methodologies that integrate cultural considerations, are
inclusive, and leverage participatory approaches (RQ2, RQ3, RQ4).
The intended outcome of this work is an interactive website illus-
trating the representation of specific cultures in T2I models over
time. This platform aims to educate a broad audience (general pub-
lic, policymakers, researchers, etc.) on the cultural sensitivities of
AI-generated images. Furthermore, this research seeks to guide
future investigations into the development of improved cultural
alignment strategies for T2I generation.
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