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Abstract

Cultural representation is a prerequisite for the
comprehensive evaluation of cultural compe-
tence in Al systems. Yet there is no shared,
structured way to assess what cultural repre-
sentation in Al benchmarks involves or how
it can be measured. We address this gap by
introducing a six-dimensional framework that
assesses cultural representation through a struc-
tured, dimension-specific scoring instrument,
enabling systematic comparison across bench-
marks. Applying our framework to 50 bench-
marks explicitly targeting culture, we find that
none achieves broad coverage across all dimen-
sions. While procedural dimensions such as
transparency and bias awareness are compara-
tively well addressed, benchmarks consistently
score lower in linguistic and geographic repre-
sentation, thematic breadth, and the conceptual
grounding of culture. Strikingly, only 32% of
benchmarks explicitly define culture, and anno-
tator demographic information is absent in 82%
of cases. By making these properties measur-
able and directly comparable, our framework
provides a practical foundation for designing
and evaluating benchmarks that more validly
assess cultural competence in Al systems.

1 Introduction

Evaluating the cultural competence of Al systems
is becoming increasingly important as these sys-
tems are deployed across diverse social and cultural
contexts. Cultural differences shape values, com-
munication styles, and social norms, all of which
influence whether Al outputs are perceived as ap-
propriate or useful (Pawar et al., 2024). When these
differences are not adequately reflected, Al sys-
tems risk producing harmful or irrelevant outputs
for large portions of their users (Tao et al., 2024).
Despite growing awareness of these challenges, cur-
rent Al systems continue to predominantly reflect
Western perspectives (Hershcovich et al., 2022; Ma-
soud et al., 2025; Myung et al., 2025; Shi et al.,
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Figure 1: Evaluated benchmarks plotted by D1 (Linguis-
tic & Geographic Representation, x-axis) and D2 (Cul-
tural Content & Thematic Representation, y-axis), as
percentages of maximum score. Dashed 50% midpoints
are illustrative groupings, not formal cutoffs, defining
quadrants: Nascent, Linguistically Rich (high D1, low
D2), Culturally Aware (low D1, high D2), and Globally
Grounded. Representative benchmarks are labelled.

2024; Romero et al., 2024). For example, Joshi
et al. (2020) show that around 90% of NLP re-
search focuses on fewer than ten languages, while
large language models consistently score lower in
non-Western contexts and often reproduce West-
ern liberal values in moral decision-making tasks
(Talat et al., 2022; Romero et al., 2024).

Evaluation benchmarks are a critical site of in-
tervention in this dynamic. They define which
competencies Al models must demonstrate and, by
extension, which cultural perspectives are consid-
ered worth evaluating at all (Eriksson et al., 2025).
Flawed or too narrow benchmarks thus not only
fail to reflect inequalities, they actively entrench
them by shaping model development incentives
and determining which cultural gaps are visible on
leaderboards. A growing number of benchmarks
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now explicitly claim to address cultural representa-
tion (Chiu et al., 2025; Myung et al., 2025), yet it
often remains unclear which conceptualisations of
culture they adopt, which dimensions they cover,
and whether their representations are methodologi-
cally consistent. Adilazuarda et al. (2024) identify
the absence of a shared definition of culture as
a root cause of incomparability across the field,
while Zhou et al. (2025b) propose sociocultural
linguistics as a theoretical foundation for cultural
Al evaluation. These contributions establish a solid
conceptual basis, but neither translates their theo-
retical grounding into an operational framework for
systematically measuring and comparing cultural
representation across benchmarks.

We address this gap by introducing a six-
dimensional framework for assessing cultural repre-
sentation in Al benchmarks, which we apply to 50
benchmarks that explicitly address culture. To our
knowledge, this is among the first large-scale, quan-
titatively scored comparative analyses of this kind.
Our results suggest that no benchmark achieves
comprehensive coverage, with recurring gaps in
linguistic and geographic diversity, as visualized in
Figure 1, thematic breadth, and explicit conceptual-
isation of culture. Our contributions are threefold:

* We define cultural representation for NLP
evaluation, synthesizing concepts from soci-
olinguistics, anthropology, and Al fairness
into a coherent, annotation-ready construct.

* We present a six-dimensional scoring frame-
work that enables systematic and transparent
comparison across benchmarks.

Using our framework, we conduct a system-
atic, human-annotated content analysis of 50
NLP benchmarks, revealing persistent struc-
tural gaps in linguistic coverage, geographic
representation, and annotator transparency.

2 Related Work

Cultural bias and diversity. A substantial body
of work demonstrates that training and evalua-
tion data are predominantly drawn from Western,
English-speaking, and high-resource contexts, sys-
tematically underrepresenting other cultural per-
spectives (Hershcovich et al., 2022; Tao et al., 2024;
Masoud et al., 2025; Adilazuarda et al., 2024).

Diversity audits of existing benchmarks. A par-
allel strand retrospectively analyses benchmark de-
sign with respect to diversity and representation.

70

Joshi et al. (2020) and Ponti et al. (2020) show that
NLP benchmarks are heavily skewed towards few
language families and dominant languages. From a
normative perspective, (Raji et al., 2021; Paullada
et al., 2021; Bowman and Dahl, 2021) argue that
benchmark design is never neutral but encodes po-
litical and cultural assumptions. While these stud-
ies provide important critical impulses, they tend
to address individual dimensions such as language,
bias, or fairness, instead of treating cultural rep-
resentation as a multidimensional construct (San-
turkar et al., 2023).

Theorising culture in Al evaluation. Survey
work by Adilazuarda et al. (2024); Liu et al. (2025a)
reveals a deeper problem: there is no shared un-
derstanding of how culture should be defined and
measured in Al research. Instead, culture is opera-
tionalised through a wide variety of heterogeneous
proxies, which severely limits the comparability
of existing work. Zhou et al. (2025b) address this
directly, proposing sociocultural linguistics as a
theoretical foundation for cultural Al evaluation.
(AlKhamissi et al., 2025) similarly critique exist-
ing benchmarks through an anthropological lens,
applying a four-part taxonomy of cultural framing
(knowledge, preference, dynamics, bias) qualita-
tively to 20 hand-selected benchmarks.

These contributions diagnose the problem
clearly and, in the case of Zhou et al. (2025b)
and AlKhamissi et al. (2025), offer rich concep-
tual and qualitative taxonomies of cultural fram-
ing. None, however, provides a reproducible,
dimension-specific scoring instrument for measur-
ing and comparing cultural representation system-
atically. The present work addresses this gap.

3 Framework Construction

We propose a hierarchical framework comprising
six dimensions, shown in Figure 2, subdivided into
thematic blocks and granular subcategories. Bench-
mark attributes are mapped onto these dimensions
and scored individually. We report and compare the
dimensions separately, because they capture differ-
ent kinds of properties whose relevance depends on
a benchmark’s specific purpose and design. This
structure enables comprehensive analysis of cul-
tural representation without reducing culture to a
simplistic proxy or a single overall number.

We design scoring within each dimension to be
transparent and reproducible. For each criterion,
we derive its point value directly from its answer



format: we distinguish binary criteria, which record
whether a specific practice or disclosure is present,
from ordinal criteria, which capture the degree to
which a benchmark engages with a given aspect
of culture, and from continuous coverage criteria,
which measure the share of a defined reference
space a benchmark covers, such as the world’s lan-
guages or countries. We assign more points to
formats that convey more graded or continuous in-
formation than to simple binary disclosures, since
these formats let a benchmark differentiate more
finely between minimal and extensive engagement,
not because we consider them more important. We
detail the resulting point values for each criterion in
Appendix A. To facilitate community adoption, we
release all code and data along with an interactive
Hugging Face' application containing the complete
questionnaire? enabling researchers to score and
compare benchmarks systematically along each di-
mension.

D1: Linguistic & Geographic Representation
This dimension evaluates linguistic and geographic
representation in Al benchmarks. Although lan-
guage and geographic location are commonly used
to operationalise culture in NLP research, they in-
dicate where culture is located instead of what it
consists of; surface-level coverage alone does not
guarantee that a benchmark captures underlying
cultural meanings (Hershcovich et al., 2022).

We assess three aspects: typological language
diversity, geographic coverage, and the inclusion of
underrepresented groups. For typological diversity,
we draw on Grambank features®, which capture
structural linguistic variation beyond simple lan-
guage counts and mitigate the overrepresentation
of closely related high-resource languages (Ploeger
et al., 2024; Joshi et al., 2020). For geographic cov-
erage, we apply the UN M49* classification at the
level of continents, regions, and countries, comput-
ing the proportion of geographic units each bench-
mark covers. We further score the inclusion of
dialects, regional variants, and writing systems; for
transparent and theoretically motivated language
and region selection; and for benchmarks that ex-
plicitly distinguish between language or country
and culture (Adilazuarda et al., 2024). Maximum
score: 18 points.

"https://huggingface.co/
Zhttps://github.com/TAI-HAMBURG/
cultural-representation-framework
3https://grambank.clld.org
*https://unstats.un.org/unsd/methodology/m49/
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D2: Cultural Content & Thematic Represen-
tation Beyond the structural focus of D1, this
dimension evaluates substantive cultural coverage.
Culture encompasses values, norms, practices, sym-
bols, narratives, and collective meaning systems
(Tylor, 1871; Liu et al., 2025a), yet many bench-
marks treat it implicitly or superficially (Zhou et al.,
2025b).

We examine cultural domains across three the-
matic clusters: (1) values, norms, and world-
views; (2) narratives, symbols, and social refer-
ences; and (3) practices and everyday life. Each
cluster comprises several concrete domains (listed
in Appendix A), which we score individually on
a 0-2 scale to reflect that cultural representation
is not a binary concept: O if absent (i.e., not docu-
mented in the reviewed materials), 1 if addressed
implicitly or marginally, and 2 if systematically
integrated. These per-domain scores account for
the majority of the dimension’s total. The remain-
der rewards benchmarks for the number of distinct
thematic domains covered, for organising these do-
mains transparently, and for grounding thematic
choices in explicit theoretical reasoning. Maxi-
mum score: 25 points.

D3: Data Foundation This dimension evaluates
the quality, diversity, and transparency of a bench-
mark’s data foundation. Choices in data selection,
sourcing, and annotation ultimately dictate cultural
representation and serve as a primary source of cul-
tural bias (Gebru et al., 2021; Bender et al., 2021).
Our approach to this dimension is close to the life-
cycle perspective of Reuel et al. (2024), who assess
general Al benchmark quality across 24 bench-
marks, but focuses on practices most consequential
for cultural representation.

We assess task format, data creation process,
documentation, quality control, and annotation
practices. Open-ended task formats score higher
than purely closed ones, as they allow more nu-
anced cultural expression (Gehrmann et al., 2023;
Balepur et al., 2025). We award credit for transpar-
ent documentation of data sources, creation meth-
ods, filtering criteria, and validation procedures
(Sambasivan et al., 2021). We score annotator di-
versity as well as quality control measures on an
ordinal scale reflecting the rigor of review applied,
and recruitment transparency as a binary disclo-
sure criterion. Because cultural meaning depends
strongly on annotator perspective and interpreta-
tion (Geiger et al., 2020; Aroyo and Welty, 2015),
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Figure 2: The evaluation framework applied to an example cultural benchmark. Benchmark attributes (left) are
mapped onto six dimensions (center), each scored individually (right) relative to its own achievable points; scores

are not combined into an overall value.

these criteria collectively capture whether a bench-
mark’s data foundation reflects a broad and well-
documented range of cultural perspectives. Maxi-
mum score: 22 points.

D4: Conceptual Understanding of Culture To
counter the widespread reliance on cultural prox-
ies in Al research (Adilazuarda et al., 2024; Zhou
et al., 2025b), this dimension evaluates theoretical
engagement with the concept of culture. We do this
to avoid privileging any single definition of culture.
We look for evidence that authors treat culture as a
theoretically informed construct and not as an un-
examined assumption, including whether authors
ground their treatment of culture in social science
theory. Maximum score: 4 points.

DS: Bias & Fairness This dimension evaluates
critical engagement with bias and fairness in bench-
mark design. Methodological choices carry im-
plicit assumptions that can marginalise cultural
groups and reinforce inequalities (Raji et al., 2021;
Nadeem et al., 2021; Abid et al., 2021). We assess
whether authors identify potential biases, analyse
their data accordingly, report mitigation measures,
and reflect on effects for marginalised communities.
We award credits for explicit problem awareness
and transparent documentation of remaining limi-
tations. Maximum score: 3 points.

Dé6: Transparency & Reflexivity Because cul-
tural representation is inherently selective and con-
textual (Bender et al., 2021), transparency is crucial
for interpretability and reproducibility (Mitchell
et al., 2019). This dimension assesses the clear
documentation of data sources, selection criteria,
and processing decisions, as well as explicit reflec-
tion on limitations regarding cultural coverage and
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generalisability. Maximum score: 2 points.
Instead of a single aggregated score, we report
dimensions separately as they capture distinct prop-
erties. D1 and D2 assess the cultural content a
benchmark represents, D3 the practices that pro-
duced it, and D4 through D6 how the benchmark
frames and documents its engagement with culture.
For each dimension, we sum the points earned and
divide by the dimension’s maximum, yielding a
percentage score on a common scale. The differing
maxima (D1: 18, D2: 25, D3: 22, D4: 4, D5: 3,
D6: 2) reflect the number and granularity of the
underlying criteria, not their relative importance.
Because broad cultural coverage can coexist with
weak documentation, and narrow coverage with
strong transparency, we do not aggregate dimen-
sions into a single overall score. The framework is
therefore intended as a diagnostic instrument, with
each dimension interpreted on its own terms. Full
scoring details are provided in Appendix A.

4 Data Collection

To evaluate the applicability and comprehensive-
ness of our framework, we compile a curated sam-
ple of 50 benchmarks. We use this collection to
demonstrate the practical application of our dimen-
sions and to critically analyze current cultural rep-
resentation within the field.

4.1 Benchmark Selection

We collect a set of benchmarks explicitly designed
to assess cultural representation and related phe-
nomena. To this end, we search the ACL An-
thology and Google Scholar for papers contain-
ing the keywords cultural alongside benchmark,
evaluation, or dataset in their title or abstract.



We restrict this search to publications from 2022
to 2025, reflecting the recent emergence of cultur-
ally oriented evaluation for modern large language
models and multimodal systems.

From these results, we select a final sample of
50 papers for detailed human annotation (see Table
7 in Appendix B). We curate this sample carefully
to ensure broad conceptual coverage across bench-
mark types, task formats, modalities, and cultural
contexts. Consequently, the selected benchmarks
span a wide range of evaluation paradigms, includ-
ing question answering, classification, generation,
and multimodal tasks, while covering diverse cul-
tural domains and geographic regions.

4.2

We evaluate the selected benchmarks using a struc-
tured questionnaire directly derived from our pro-
posed framework. The questionnaire contains 58
questions with predefined answer options, comple-
mented by open text fields where annotators docu-
ment examples, edge cases, and specific justifica-
tions. This design operationalizes each framework
dimension into concrete criteria, thereby enabling
a systematic and reproducible assessment across
all benchmarks.

One author manually annotated all 50 bench-
marks using the information reported in the original
papers and their documentation. During this step,
the annotator identifies relevant evidence for each
framework dimension and assigns scores according
to the predefined criteria described in Section 3
and Appendix A. This ensures a consistent and
comparable analysis of how existing benchmarks
conceptualize and operationalize culture.

To verify reliability, a second annotator fluent in
English and knowledgeable in the Al domain inde-
pendently evaluates an overlapping set of 20 bench-
marks. Because the questionnaire features diverse
answer types, we compute annotator agreement
separately for each format. We observe a Cohen’s
 of 0.86 for binary criteria, 91.00% agreement
for ordinal criteria (0/1/2), and 91.88% agreement
for categorical responses. Note that we report raw
agreement here instead of a weighted Kappa variant
because several sub-categories show skewed score
distributions with limited variance, under which
Kappa-based statistics can become unstable with
only 20 double-annotated benchmarks. Taken to-
gether, these results indicate high and consistent
reliability of the annotation framework.

Table 1 further reports agreement across the six

Human Annotation

73

Dim. | Subcategories | Decisions | Agreement(%)

D1 10 200 91.88
D2 13 260 90.42
D3 17 340 93.82
D4 4 80 95.00
D5 3 60 95.00
D6 2 40 100.00

Table 1: Inter-annotator agreement across the six frame-
work dimensions (D1-D6) based on the 20 double-
annotated benchmarks.

framework dimensions (D1-D6), demonstrating
that annotation reliability remains consistently high
across all dimensions.

Where annotators diverged, discrepancies were
discussed jointly to reach a final, agreed-upon score.
This process also led us to refine a small number
of ambiguously worded questionnaire items.

5 Results

5.1 Linguistic and Geographic Representation

Our analysis shows that the evaluated benchmarks
provide limited linguistic diversity concentrated on
only a small number of languages. Half of the eval-
uated benchmarks focus exclusively on English.
More broadly, English is the most prevalent lan-
guage overall, appearing in 80% of benchmarks,
far ahead of the next most common language, Chi-
nese (Figure 3b). Although language is widely used
to operationalise cultural representation in NLP re-
search (Pawar et al., 2024), this operationalisation
rarely extends beyond a small set of high-resource
languages.

The consideration of dialects is also limited.
Only 24% of the benchmarks include dialectal
variation, while explicit distinctions between loca-
tions are present in only 4%. Cultural differences
within linguistic regions are therefore often not rep-
resented in a differentiated manner. Instead, culture
is reduced to broader categories such as individual
languages or countries, leaving regional and every-
day linguistic differences largely unaddressed.

Moreover, we find that geographic coverage is
equally skewed (Figure 3a). Representation clus-
ters in parts of East and Southeast Asia and in
Western industrialised countries, while Africa, Cen-
tral Asia, and South America receive little or none.
This imbalance is not merely a descriptive limi-
tation, as cultural contexts absent from linguistic
and geographic coverage are structurally excluded
from evaluation. These representational gaps there-
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anguages. English appears in 80% of benchmarks; no other
anguage exceeds 30%.

Figure 3: Geographic and linguistic coverage across evaluated benchmarks, revealing strong concentration in a
small number of countries and an overwhelming dominance of English.

Not covered (0) Surface-level (1) B Substantive (2)

Values 42% 32%
Narratives 32% 34%
Pop Culture 42% 24%
Social Norms | 22% 2%
Religion 30% 22%
Symbols 28% 22%
Rituals (1182

Holidays 32% 18% 50%

Food & Routines 16% 16% 68%

Clothing
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Share of Benchmarks (%)
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Figure 4: Coverage depth across cultural domains in
evaluated benchmarks. Each bar shows the proportion
of benchmarks scoring 0 (not covered), 1 (surface-level),
or 2 (substantive) for a given domain.

fore constrain the evaluation space, leave certain
cultural perspectives structurally invisible, risking
the systematic marginalisation of underrepresented
communities.

5.2 Cultural Content and Thematic Diversity

Cultural content is broadly present across the eval-
uated benchmarks, but depth and thematic balance
vary considerably. As Figure 4 shows, observable
and everyday domains dominate: Food & Routines
is substantively covered in 68% of benchmarks,
and Social Norms in 52%. We hypothesize that
domains such as typical foods, everyday practices,
and social conventions can be operationalised as
explicit, relatively unambiguous knowledge and
translated into closed evaluation formats without
requiring interpretive judgment.

In contrast, dimensions characterized by interpre-
tation, contextual dependence, or ambiguity, includ-
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ing values and normative beliefs, are systematically
underrepresented. Moral and social values reach
substantive coverage in only 26% of benchmarks,
the lowest of all domains, with a further 42% not
covering them at all. Narratives and Pop Culture
show moderate substantive rates (34% each) but
also high rates of complete absence. These are pre-
cisely the dimensions that require contextual depth,
cultural embeddedness, and interpretive sensitivity,
which are capacities that closed and standardised
formats are poorly equipped to assess. The result
is a structural skew: benchmarks capture culture
where it is easiest to measure, not necessarily where
it matters most.

Our results further show that only a small num-
ber of benchmarks achieve both broad and in-depth
coverage across multiple cultural domains. For in-
stance, while 70% of benchmarks cover Religion
in some form, only 48% do so substantively. In
many cases, benchmarks emphasize only individ-
ual topics in depth. Thematic breadth measured by
presence alone would therefore overstate the depth
of cultural engagement across the field.

Figure 1 brings these two dimensions together.
Linguistic and geographic representation and the-
matic breadth are the two properties most com-
monly used to operationalise cultural diversity in
NLP, making this pairing a natural basis for com-
parison. The joint view surfaces complementary
profiles among benchmarks: WorldView-Bench
achieves strong thematic coverage with limited lin-
guistic and geographic reach, while WorldCuisines
shows the opposite pattern, and Global MMLU is
among the few benchmarks combining relatively
broad coverage on both dimensions. Most bench-
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Figure 5: Annotation transparency across evaluated
benchmarks grouped by annotator identity (blue), work-
ing conditions (red), and quality assurance (green).
Quality assurance is consistently reported, whereas an-
notator demographics (18%) and compensation (42%)
are rarely disclosed.

marks, however, remain limited, particularly in lin-
guistic and geographic representation.

Some of this variation can be attributed to de-
liberate specialization. SEAVQA (Urailertprasert
et al., 2024), for example, focuses on specific re-
gional contexts, while FoodieQA (Li et al., 2024b)
centers on food culture. Such benchmarks may
therefore score lower in overall breadth while of-
fering greater depth or specificity within their in-
tended scope. These scores should consequently
be interpreted as measures of cultural diversity cov-
erage, not of overall benchmark quality, which also
depends on properties such as transparency and
documentation.

5.3 Data Foundation

The results indicate that formal and methodological
standards for data creation are established across
many benchmarks. The documentation of data cre-
ation processes, the use of annotation, and quality
assurance measures are systematically addressed
in a large proportion of the benchmarks.

However, information about annotators is fre-
quently incomplete. In 82% of the benchmarks,
information about the social composition of an-
notators, including age, gender, or education, is
missing. Although many benchmarks report using
annotators with appropriate cultural or regional ex-
pertise, for example through language proficiency
or local affiliation, it often remains unclear how
systematically annotators were selected and which
dimensions of diversity were considered.

Closed and prestructured task formats dominate
the analyzed benchmarks. Multiple-choice tasks
account for 54% of the benchmarks, while binary
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tasks account for 18%. These formats enable stan-
dardized evaluation, comparability, and efficient
model ranking. However, they provide only limited
opportunities to evaluate whether models can estab-
lish connections, provide explanations, or handle
ambiguity. Their reliance on fixed answer options
and unambiguous solutions restricts the assessment
of complex and context-dependent cultural judg-
ments. They may also encourage strategies based
on elimination or statistical plausibility without re-
quiring an understanding of the underlying cultural
relationships (Clark et al., 2019).

Most of the analyzed benchmarks (74%) use
partially automated data creation processes. Au-
tomation increases scalability and reduces costs,
but it may reproduce dominant knowledge, smooth
over cultural nuances, or reinforce stereotypical
patterns (Bender et al., 2021). Automated methods
can support tasks such as the preliminary structur-
ing of data, while central steps involving content
assessment and contextualization require human ex-
pertise. Transparent source documentation, review
by knowledgeable individuals, and clearly docu-
mented decision rules can support the systematic
assessment of cultural appropriateness.

Opverall, the results reveal a tension between rep-
resenting cultural complexity in a differentiated
manner and enabling standardized and scalable
evaluation.

5.4 Conceptualization of Culture

Only 32% of the benchmarks explicitly define what
they mean by culture. A theoretical framing is
provided in 30% of the benchmarks, while a con-
ceptual framing is provided in 24%. Most of the
analyzed benchmarks therefore do not rely on an
explicitly developed or theoretically grounded un-
derstanding of culture.

Culture is often treated implicitly and opera-
tionalized through proxies such as language, na-
tionality, or thematic domains, without clearly ar-
ticulating the underlying assumptions. This makes
it difficult to determine which aspects of culture
are captured and how they are conceptualized. This
lack of explicit grounding is particularly notable
given that all selected benchmarks evaluate culture
or related cultural phenomena.

Taken together, these results point to a consistent
pattern across dimensions, which we examine in
the following section.
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6 Discussion

Our analysis of 50 curated benchmarks indicates a
clear imbalance across the evaluated dimensions,
as shown in Figure 6. We find that formal qual-
ity criteria such as transparency, bias documenta-
tion, and data practices are widely met, while the
dimensions that require deeper engagement with
culture, including linguistic and geographic cover-
age, thematic breadth, and conceptual grounding,
lag behind. Although our sample is not exhaus-
tive, it spans a broad range of benchmark types,
task formats, modalities, and cultural contexts, and
the findings are sufficiently consistent to identify
structural priorities for the field.

Most benchmarks do not explicitly define what
they mean by culture, despite this being their cen-
tral object of evaluation. Without a shared or at
least stated definition, it is difficult to determine
what a benchmark actually measures, to compare
results across benchmarks, or to identify which
aspects of culture remain unaddressed.

Observable cultural domains such as food and
social norms are well represented, while norma-
tive and symbolic dimensions such as values and
belief systems receive considerably less attention.
This likely reflects the relative ease of operational-
ising surface-level content in closed evaluation for-
mats and may lead benchmarks to prioritize cultural
knowledge that is easy to test while overlooking
the dimensions through which culture most directly
shapes thought, reasoning, and communication.

The prevalence of automated pipelines and
closed response formats reflects real resource con-
straints in benchmark construction. However, these
choices come with trade-offs: automated methods
tend to draw on existing digital text, which skews
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towards dominant languages and cultural contexts
(Bender et al., 2021), and closed formats limit the
space for culturally varied responses. The near-
absence of annotator demographic reporting further
limits the extent to which the cultural representa-
tiveness of annotation decisions can be assessed.
From these findings, five priorities emerge for
future benchmark development.
First, linguistic and geographic coverage should be
expanded and more systematically justified. This
includes not only increasing the number of rep-
resented languages, but also accounting for varia-
tion within linguistic communities, such as dialects,
scripts, and regional forms. Such choices should
be documented transparently.
Second, benchmarks should provide more balanced
thematic coverage by complementing the current
emphasis on observable everyday practices with
substantive engagement with normative and sym-
bolic dimensions, including values, belief systems,
and shared narratives.
Third, benchmark developers should explicitly de-
fine what they mean by culture or, at minimum,
make their underlying assumptions transparent. A
clearer conceptual foundation would improve both
the interpretability of individual benchmarks and
the comparability of results across the field, and
the selection of cultural content should likewise be
theoretically informed or explicitly justified.
Fourth, data collection and annotation should in-
corporate diverse cultural perspectives. The social
composition, recruitment, and working conditions
of annotators should be considered deliberately and
reported transparently, and more participatory an-
notation processes may help ensure that cultural
meanings are not filtered through a narrow set of
perspectives.
Fifth, evaluation formats should move beyond pre-
dominantly closed and standardised tasks. Open-
ended and context-rich approaches can better cap-
ture cultural depth, ambiguity, and context depen-
dence, even if they complicate aggregation and
model comparison.

7 Conclusion

We introduced a six-dimensional evaluation frame-
work that operationalises cultural representation in
Al benchmarks as a set of measurable, dimension-
specific criteria, and applied it to 50 benchmarks
explicitly targeting culture. To support adoption,
we release an interactive scoring application that al-



lows the broader community to assess and compare
benchmarks on a shared basis.

We show that cultural representation cannot be
reduced to a single score: benchmarks consistently
satisfy formal criteria such as transparency and bias
reporting while falling short on more substantive di-
mensions, including linguistic and geographic cov-
erage, thematic breadth, and conceptual grounding.
Because translating culture into measurable criteria
necessarily involves simplification, our framework
should be treated as a structured approximation
rather than a comprehensive account of culture.
It nonetheless provides a practical basis for as-
sessing existing benchmarks and for guiding more
systematic, context-sensitive, and participatory ap-
proaches to future benchmark design.

Limitations

This study has several limitations. First, the anal-
ysis is restricted to publicly available benchmark
documentation. Consequently, we could assess
only those design choices and practices explicitly
reported in publications and accompanying mate-
rials. Undocumented decisions or implicit prac-
tices may have been missed, and some benchmarks
may account for cultural considerations more ex-
tensively than their documentation suggests.

Second, operationalizing cultural representation
necessarily reduces complex theoretical concepts
to measurable indicators. As a result, cultural dy-
namics, power relations, and context-dependent
meanings can only be captured to a limited extent.
The proposed framework should therefore not be
interpreted as a comprehensive representation of
cultural coverage.

Third, several parameters of the scoring schema,
including the number of sub-criteria assigned to
each dimension and the point values derived from
answer format, were chosen for transparency and
reproducibility. We did not validate them against
an independent theoretical model or conduct a sen-
sitivity analysis comparing these choices against al-
ternatives, such as equal weighting across all items.
Thus, dimensions with fewer criteria, such as Trans-
parency & Reflexivity, may appear near ceiling
partly for this reason.

Finally, despite the use of standardized criteria
and double annotation, some assessments remain
interpretative and may be influenced by subjective
judgment. Future work could improve the robust-
ness and reproducibility of the findings by involv-
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ing a larger number of independent annotators and
applying the framework to a broader and more di-
verse sample of benchmarks.
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A Scoring Schema per Dimension

Scoring. Each questionnaire item is mapped to
a point value, and the maximum points an item
can contribute are determined by its answer format
rather than by a subjective judgement of its im-
portance. We use three tiers reflecting how finely
an item discriminates. Binary (yes/no) items are
worth 1 point. Ordinal items graded on a 0/1/2
scale (absent, marginal, systematic) are worth 2
points. Continuous coverage items are worth 3
points, awarded in proportion to the share of a de-
fined reference space they cover (e.g., the full set of
UN M49 countries or Grambank features). Count
items (annotator diversity) award 1 point per at-
tribute considered, up to a maximum of 3. Because
every point value follows from the item’s format,
the scheme is fully reproducible from the question-
naire alone. Coverage-based criteria receive more
weight than binary disclosure items because they
carry more information, not because we deem them
more important.

Linguistic and geographic coverage are scored
against their true global reference spaces: Gram-
bank typological feature coverage for languages,
and the UN M49 classification (6 continents, 22
subregions, 193 countries) for geography. We de-
liberately do not rescale these to empirically at-
tainable levels. Because no benchmark approaches
full global coverage, coverage scores are uniformly
low, and this low score is itself a substantive finding
about the state of the field rather than an artefact to
be normalised away.

Each dimension’s score is the sum of the points
its items earn, divided by the maximum obtainable
for that dimension, and reported as a percentage.
Dimensions are scored and reported independently.
They are never combined into a composite or over-
all score, since each captures a distinct facet of
cultural representation whose relevance depends
on a benchmark’s purpose. The dimensions’ differ-
ing maxima (D1: 18, D2: 25, D3: 22, D4: 4, DS5: 3,
D6: 2) reflect the number and granularity of their
sub-criteria, not their relative importance.

Some dependencies between criteria are inherent
to the framework design. In D1, nested geographic
units measure coverage at different spatial resolu-
tions, and a small number of criteria capture related
aspects across dimensions, such as data source dis-
closure in D3 and D6. However, since dimensions
are scored and interpreted separately, these over-
laps do not affect an overall composite score, but

&3

they do mean that dimension scores should not be
treated as fully independent.

Table 2 summarizes the distribution of scores
across the six framework dimensions for the 50
evaluated benchmarks.

Dim. Mean Median IQR Range
D1 (18) 30.2 252  26.6 3.6-92.5
D2 (25) 59.5 604 32.0 4.0-92.0
D3 (22) 70.7 727 9.1 36.4-90.9
D4 (4) 25.0 0.0 750 0.0-100.0
D5 (3) 97.3 1000 0.0  66.7-100.0
D6 (2) 100.0 100.0 0.0 100.0-100.0

Table 2: Summary statistics for D1-D6 across the 50
evaluated benchmarks. Scores are percentages of each
dimension’s maximum; raw maximum points are shown
in parentheses.

The following tables provide the scoring
schemas across the dimensions.



Category Subcategory Scoring rule Max. Points
S Language Diversity 3x Grambank typological cov 3
Linguistic Coverage Location Differentiation Yes — 1 1
Continents 3 X (#continents/6) 3
Geographic Coverage Regions 3 X 3
(#UN M49 subregions,/22)
Countries 3 X (#countries/193) 3
Varieties Dialects Yes — 1; No — 0 1
Writing Systems Yes — 1; No — 0 1
Repr. of Marginalised Groups  Underrepresented Groups Yes —+ 1; No — 0 1
Theoretical Grounding Theoretical Grounding Yes —+ 1; No — 0 1
Culture as multidim. concept ~ Culture as Concept Yes — 1; No — 0 1
Total 18
Table 3: Scoring schema for Dimension D1 (Linguistic & Geographic Representation).
Category Subcategory Scoring rule Max. Points
Social Norms & Conventions 0/1/2 2
Cultural Narratives & Shared Narratives & Coll. Memory 0/1/2 2
Symbolic Systems Popular Culture & Media 0/1/2 2
Symbols & Semiotic Markers 0/1/2 2
Rituals & Ceremonies 0/1/2 2
Cultural Practices & Dress & Aesthetic Practices 0/1/2 2
Everyday Life Food Practices & Culinary Trad. 0/1/2 2
Festivals & Commemorations 0/1/2 2
Values, Beliefs & Values & Ethical Norms 0/1/2 2
Worldviews Religion & Belief Systems 0/1/2 2
Thematic Breadth 3 xmin(#topics, 10)/10 3
Thematic Coverage & Reflexivity on Thematic Distribution Yes — 1; No — 0 1
Structure Theory-based Categorisation Yes —+ 1; No — 0 1
Total 25

Table 4: Scoring schema for Dimension D2 (Cultural Content & Thematic Representation).

Category Subcategory Scoring rule Max. Points

Question Format Format Type open — 2; MC — 1; binary — 0 2
Data Constr. & Transp. & Traceable Process Doc. Yes = 1;No — 0 1
Documentation Construction Method manual — 2; semi — 1; auto — 0 2
Data Selection Data Sources Disclosed Yes — 1; No — 0 1
Validation vs. External Ref. Sources Yes — 1; No — 0 1

Data Filterin Dataset Cleaned & Deduplicated Yes — 1; No — 0 1
& Filtering for Cultural Relevance Yes — 1;No — 0 1

Quality Control Final Quality Review of Items manual — 2; auto —+ 1; No — 0 2
y Answer Consistency Check Yes —+ 1;No — 0 1
Annotator Involvem. Yes — 1; No — 0 1

Docu. & Justification of Selection Yes — 1; No — 0 1

Cult. & Reg. Relevant Annotators Yes — 1;No — 0 1

Annotator Involvem. &  Annotator Diversity max 3 3
Documentation Recruitment Procedure Disclosed Yes — 1; No — 0 1
Compensation Disclosed Yes — 1; No — 0 1

Compr. Annotation Guidelines Yes — 1;No — 0 1

Quality Control of Annotations Yes — 1; No — 0 1
Total 22

Table 5: Scoring schema for Dimension D3 (Data Foundation). Dimension score = earned points / 22.

84



Category Subcategory Scoring rule Max. Points
Culture Explicitly Defined Yes — 1; No — 0 1
D4: Concept. Understanding Definition Elaborated & Justified Yes — 1; No O 1
of Culture Definition Supported by Literature Yes — 1; No — 0 1
Embedded in Theoretical Framework Yes — 1; No — 0 1
Total 4
D5:Bias & Bias Awareness Yes — 1; No — 0 1
Fairness Bias Analysis & Mitigation Yes —+ 1; No — 0 1
Fairness & Inclusivity Yes — 1; No — 0 1
Total 3
D6: Transparency & Disclosure of Data Sources Yes —+ 1; No — 0 1
Reflexivity Critical Reflexivity Yes — 1; No — 0 1
Total 2

Table 6: Scoring schema for Dimensions D4-D6.
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B Overview of the Analyzed Benchmarks

Table 7 provides an overview of the 50 benchmarks
included in our analysis together with their corre-
sponding references.
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Benchmark Reference \ Benchmark Reference

ARADICE (Mousi et al., 2024) Hanfu-Bench (Zhou et al., 2025a)
ArtELingo (Mohamed et al., 2022) KULTURE Bench (Wang et al., 2024b)
ArtELingo-28 (Mohamed et al., 2024) M5 (Schneider and Sitaram, 2024)
BLEnD (Myung et al., 2025) MAKIEVAL (Zhao et al., 2025)

CAMeL (Naous et al., 2024) MAPS (Liu et al., 2024)

CCUB (Liu et al., 2023b) MIXCUBE (Kim et al., 2025)

CDEval (Wang et al., 2024c) NormAd (Rao et al., 2025)
Challenging Cross-Cultural (C3)  (Liu et al., 2023a) Nunchi-Bench (Kim and Lee, 2025)
CII-Bench (Zhang et al., 2025) NusaBert (Wongso et al., 2024)
ClicK (Kim et al., 2024) PALM (Alwajih et al., 2025)
CQ-Bench (Liu et al., 2025¢) PERCUL (Moosavi Monazzah et al., 2025)
CROPE (Nikandrou et al., 2025) Rice-VL (Pranav et al., 2025)

CUBE (Kannen et al., 2024) RusCode (Vasilev et al., 2025)
CULTURALVQA (Nayak et al., 2024) SANSKRITI (Maji et al., 2025)
CULTURE-GEN (Li et al., 2024a) SeaEval (Wang et al., 2024a)
CultureAtlas (Fung et al., 2024) SEA-HELM (Susanto et al., 2025)
CulturalBench (Chiu et al., 2025) SEA-VL (Cahyawijaya et al., 2025)
CultureVLM (Liu et al., 2025b) SEA-VQA (Urailertprasert et al., 2024)
CVQA (Romero et al., 2024) SEACrowd (Lovenia et al., 2024)
DIWALI (Sahoo et al., 2025) Seeing Culture (SCB)  (Satar et al., 2025)
DLAMA (Keleg and Magdy, 2023) | SocialCC (Wu et al., 2025)
FoodieQA (Li et al., 2024b) TCC-Bench (Xu et al., 2025)
GIMMICK (Schneider et al., 2025) WorldCuisines (Winata et al., 2025)

Global MMLU (Singh et al., 2025) WorldValuesBench (Zhao et al., 2024)
GLOBALRG (Bhatia et al., 2024) WorldView-Bench (Mushtagq et al., 2025)

Table 7: Overview of the 50 analyzed benchmarks.
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