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Abstract

Multilingual NLP is often treated as a route
to global inclusion, but linguistic cover-
age and cultural competence frequently di-
verge. This paper synthesizes over 50 papers
spanning multilingual performance inequality,
cross-lingual transfer, culture-aware evaluation,
cultural alignment, multimodal benchmarks,
benchmark-design critique, and community-
grounded data practices. Across this litera-
ture, training data coverage remains important,
but outcomes are also shaped by tokenization,
prompt language, translated benchmark design,
culturally grounded supervision, modality, and
who authors or validates evaluation data. We ar-
gue that culturally grounded NLP should move
beyond treating languages as isolated rows in
benchmark tables and instead model commu-
nicative ecologies: the institutions, scripts, do-
mains, modalities, and communities through
which language is used. We propose a layered
evaluation and reporting agenda centered on
representation audits, mixed elicitation, eco-
logical validity, community validation, adap-
tation provenance, within-language variation,
and maintenance of living cultural resources.

1 Introduction

Multilingual NLP is increasingly presented as a
route to global inclusion, yet a growing body of
work shows that linguistic coverage and cultural
competence are not the same thing. Recent surveys
note that culture in NLP is multi-scalar, dynamic,
and typically operationalized only through partial
proxies, while sociocultural critiques argue that
many current evaluations treat culture as a static
property rather than a situated social process (Adi-
lazuarda et al., 2024; Liu et al., 2025a; Pawar et al.,
2025; Zhou et al., 2025). In practice, a model can
be fluent in many languages and still mis-handle
local norms, misread culturally specific entities,
or privilege a dominant worldview in text, multi-
modal, and interactional settings (Rystrøm et al.,

2025; Naous et al., 2024; Naous and Xu, 2025; Be-
lay et al., 2025; Nayak et al., 2024; Havaldar et al.,
2025).

This concern matters because multilingual NLP
has advanced rapidly. Work on global coverage
and performance inequality shows that most lan-
guages remain weakly represented in resources,
benchmarks, and deployed systems (Joshi et al.,
2020; Blasi et al., 2022). Even when evaluation
expands to 200+ languages, large disparities per-
sist (Adelani et al., 2024; Team et al., 2022). A
complementary line of research studies the drivers
of cross-lingual transfer, highlighting pretraining
distribution, lexical overlap, script, tokenization,
and typology as important predictors (Philippy
et al., 2023; Limisiewicz et al., 2023; Hämmerl
et al., 2025; Bagheri Nezhad and Agrawal, 2024;
Bagheri Nezhad et al., 2025). But these predictors
alone do not explain whether models are aligned
with the values, interactional norms, or situated
knowledge of the communities they are meant to
serve.

Recent culture-focused benchmarks and adapta-
tion methods make that gap visible. On text evalu-
ation, translated benchmarks can preserve source-
culture assumptions, cultural ranking changes ap-
pear when evaluation is restricted to culturally sen-
sitive subsets, and survey-style or value-oriented
probes reveal substantial cultural dominance in de-
fault model behavior (Singh et al., 2025; Wang
et al., 2024; Zhao et al., 2024; AlKhamissi et al.,
2024; Masoud et al., 2025; Xu et al., 2025). In mul-
timodal and interactional settings, models strug-
gle with culturally grounded VQA, emotion under-
standing, metaphor interpretation, conversational
adaptation, and region-specific question answering
(Nayak et al., 2024; Schneider et al., 2025; Winata
et al., 2025; Maji et al., 2025; Yang et al., 2025;
Havaldar et al., 2025). At the same time, adap-
tation methods based on native preference data,
culture-aware prompting, synthetic critique data,
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and cultural learning show that these failures are
not immutable, but they also reveal how dependent
progress is on locally grounded supervision (Guo
et al., 2025; Liu et al., 2025a; Feng et al., 2025).

We use communicative ecologies to refer to the
social and technical conditions through which lan-
guage is produced, interpreted, translated, anno-
tated, evaluated, and deployed, including institu-
tions, scripts, domains, modalities, and communi-
ties of practice.

This synthesis integrates evidence from over 50
papers spanning multilingual performance inequal-
ity, cross-lingual transfer, culture-aware evalua-
tion, cultural alignment, multimodal benchmark-
ing, benchmark-design critique, and community-
grounded data practices. We prioritize recent
ACL Anthology, TACL/CL, and C3NLP-adjacent
work that either evaluates cultural behavior, ex-
plains multilingual performance variation, pro-
poses culture-aware adaptation methods, or doc-
uments community-grounded data practices. We
make three contributions. First, we connect the
multilingual transfer literature to recent culture-
oriented evaluation work, showing where the two
have often been discussed separately. Second, we
identify recurring empirical patterns across the lit-
erature: scale matters, but benchmark design, to-
kenizer behavior, prompt language, local supervi-
sion, and modality all materially affect cultural per-
formance. Third, we propose a research agenda for
culturally grounded NLP centered on communica-
tive ecologies rather than isolated language labels.
Figure 1 summarizes this shift.

Because the cited literature is broad and recent,
our goal is not a formal meta-analysis or an exhaus-
tive survey. Instead, we synthesize representative
findings that jointly explain why multilinguality,
cultural evaluation, and participatory localization
should be studied together.

2 From Multilinguality to Cultural
Competence

2.1 Coverage, transfer, and the limits of
language-only evaluation

The multilingual literature has established two ro-
bust facts. First, language technology is unequally
distributed. Resource concentration, benchmark
availability, and deployment all remain heavily
skewed toward a small subset of languages (Joshi
et al., 2020; Blasi et al., 2022). Second, widening
language coverage does not remove disparity by

itself. When evaluation is extended to hundreds of
languages and dialects, performance gaps remain
large and often correlate with resource concentra-
tion or infrastructure advantages (Adelani et al.,
2024; Team et al., 2022; Aji and Cohn, 2025).

Research on cross-lingual transfer helps explain
part of this pattern. Reviews and empirical analy-
ses point to pretraining data, lexical sharing, script,
tokenization, and other similarity signals as impor-
tant determinants of multilingual transfer (Philippy
et al., 2023; Limisiewicz et al., 2023; Hämmerl
et al., 2025; Bagheri Nezhad and Agrawal, 2024;
Bagheri Nezhad et al., 2025). These findings are
valuable, but they still mostly answer a language-
centric question: when does one language help
another? They say much less about whether the
model understands local norms, values, or region-
specific knowledge once it has transferred techni-
cally.

That distinction matters because token or script
overlap can support transfer while still leaving
culturally grounded behavior under-specified. A
model may reuse familiar subwords and achieve
respectable benchmark accuracy, yet still fail when
asked to interpret a culturally loaded metaphor, a
local emotional expression, a region-specific en-
tity, or a social norm that is not well represented
in pretraining data (Naous et al., 2024; Naous and
Xu, 2025; Belay et al., 2025; Yang et al., 2025;
Nyandwi et al., 2025). Multilinguality, then, is nec-
essary but not sufficient for cultural competence.

2.2 Culture is usually operationalized through
proxies

A second lesson from recent surveys is conceptual.
“Culture” is rarely modeled directly; instead, it is ap-
proximated through countries, languages, prompt
languages, values surveys, food, rituals, emotions,
conversational style, or locally salient entities (Adi-
lazuarda et al., 2024; Liu et al., 2025a; Pawar et al.,
2025). This is unavoidable to some extent, but it
also creates risk. A benchmark may appear “cross-
cultural” while actually testing only one thin slice
of culture, such as national-value questionnaires or
culture-specific trivia.

Recent conceptual work argues that this is not
just a measurement inconvenience but a theoreti-
cal problem. Zhou et al. (2025) show that many
cultural NLP setups rely on static and often nation-
alized proxies, while Liu et al. (2025a) emphasize
that culture spans within-human, between-human,
and extra-human dimensions. In related work,
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Multilingual
coverage
languages,

benchmarks,
resources

Coverage
question

How many
languages

or resources
are included?

Transfer
mechanics
data over-
lap, script,

tokenization

Mechanism
question

What enables
or blocks

cross-lingual
generalization?

Cultural proxies
country labels,
surveys, trans-
lated prompts

Measurement
question

Which indirect
signals are
standing in
for culture?

Communicative
ecologies

communities,
institutions,

domains,
modalities

Context question
Who uses

language, where,
and under

what norms?

Evaluation
& adaptation

slices, validation,
reporting, tuning

Action question
How should
systems be
evaluated,

adapted, and
maintained?

Common multilingual framing Toward culturally grounded NLP

Risk: Language-level gains can
mask within-language, regional,

or community-level failures.

Implication: Community valida-
tion can change both what is mea-
sured and what counts as success.

Key shift: from treating languages as benchmark rows to modeling culture as situated practice
within communicative ecologies, supported by community-grounded evaluation and adaptation.

Figure 1: From multilingual coverage to culturally grounded NLP. The first three stages reflect common multilingual
framing: increasing language coverage, explaining cross-lingual transfer, and approximating culture through indirect
proxies. The paper argues for a further shift toward communicative ecologies, where language use is situated in
communities, institutions, domains, and modalities, and where evaluation and adaptation are grounded in slice-based
analysis, community validation, and explicit reporting.

alignment studies operationalize culture through
prompt language, value surveys, or persona fram-
ing and demonstrate that model behavior can shift
under these interventions (AlKhamissi et al., 2024;
Masoud et al., 2025; Xu et al., 2025). The impli-
cation is not that such proxies are useless, but that
they should be read as partial windows into broader
communicative ecologies rather than as full repre-
sentations of culture.

3 What Recent Benchmarks and
Adaptation Work Show

3.1 Text and value-oriented evaluation

Recent text-centric evaluation work makes the
multilingual-versus-multicultural gap especially
clear. Global-MMLU shows that translated bench-
marks can preserve linguistic and cultural assump-
tions from English source questions, and that model
rankings may shift when evaluation is restricted to
culturally sensitive subsets (Singh et al., 2025). Re-
lated benchmarks such as CDEval and WorldVal-
uesBench probe cultural dimensions or value dis-
tributions more directly, revealing that models can
produce systematically different alignments across
countries and social domains (Wang et al., 2024;

Zhao et al., 2024). CulturalBench and Nunchi-
Bench further show that locally grounded, human-
written questions expose failures that are hard to
detect with standard multilingual QA or classifica-
tion tasks (Chiu et al., 2025; Kim and Lee, 2025).

This gap is also visible in work on cultural bias.
In Arabic, Naous et al. (2024) show that multilin-
gual and monolingual models can prefer Western-
associated entities and generate culturally inappro-
priate associations. Naous and Xu (2025) trace part
of this bias to the interaction between pretraining
distributions, linguistic phenomena, and frequency-
based tokenization, illustrating that technical de-
sign choices can have culturally asymmetric effects.
More broadly, Rystrøm et al. (2025) find that mul-
tilingual ability does not reliably predict cultural
alignment, reinforcing the argument that language
coverage and cultural competence should be evalu-
ated separately.

Text evaluation also reveals that alignment can
move, but unevenly. Prompt language and persona
prompting affect cultural outputs in both value-
oriented and survey-based setups (AlKhamissi
et al., 2024; Masoud et al., 2025). Self-pluralising
or culture-joint tuning can improve alignment to
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Theme Representative literature Main implication

Coverage and disparity (Joshi et al., 2020; Blasi et al., 2022; Adelani et al., 2024;
Team et al., 2022)

Aggregate multilingual progress still
leaves many languages and communi-
ties poorly served.

Transfer factors (Philippy et al., 2023; Limisiewicz et al., 2023; Häm-
merl et al., 2025; Bagheri Nezhad and Agrawal, 2024;
Bagheri Nezhad et al., 2025)

Pretraining, script, and tokenizer be-
havior shape transfer, but they do not
by themselves measure cultural fitness.

Culture definitions and
surveys

(Adilazuarda et al., 2024; Liu et al., 2025a; Pawar et al.,
2025; Zhou et al., 2025)

“Culture” is multi-faceted and usu-
ally operationalized through incom-
plete proxies.

Text and value-
oriented evaluation

(Wang et al., 2024; Zhao et al., 2024; Singh et al., 2025;
Kim and Lee, 2025; Chiu et al., 2025; Rystrøm et al., 2025)

Model rankings and failure modes
change on culturally sensitive, locally
authored, or culturally situated subsets.

Alignment and adapta-
tion

(AlKhamissi et al., 2024; Masoud et al., 2025; Xu et al.,
2025; Guo et al., 2025; Liu et al., 2025a; Feng et al., 2025)

Cultural behavior can shift with
prompts or targeted supervision, but
gains depend on grounded data and
task framing.

Multimodal, interac-
tional, and local tasks

(Nayak et al., 2024; Schneider et al., 2025; Yang et al., 2025;
Belay et al., 2025; Maji et al., 2025; Winata et al., 2025;
Villa-Cueva et al., 2025; Nyandwi et al., 2025; Havaldar
et al., 2025; Ochieng et al., 2025; Aji and Cohn, 2025;
Ferawati et al., 2024; Pranida et al., 2025; Naous et al.,
2024; Naous and Xu, 2025)

Local knowledge, interactional norms,
region-specific entities, and within-
language variation remain difficult
across settings and modalities.

Table 1: Representative lines of work that jointly motivate a culture-grounded view of multilingual NLP.

multiple cultures without fully collapsing general
performance, but the underlying problem remains
open because cultures are internally diverse and
task demands differ (Xu et al., 2025). The shared
lesson is that cultural performance is not a fixed
model property; it is partly a function of how the
task is framed, authored, and prompted.

3.2 Multimodal, interactional, and local
evaluation

Culture is not expressed only in text, and recent
multimodal work makes this plain. CulturalVQA,
GIMMICK, WorldCuisines, DRISHTIKON, and
CaMMT all show that models struggle with geo-
graphically diverse food, dress, artifacts, rituals,
and region-specific visual cues (Nayak et al., 2024;
Schneider et al., 2025; Winata et al., 2025; Maji
et al., 2025; Villa-Cueva et al., 2025). Work on
multimodal metaphors and culturally grounded
MLLMs reaches a similar conclusion: local entities
and cultural references remain brittle, especially
when they are rare in dominant training sources
(Yang et al., 2025; Nyandwi et al., 2025).

Interactional and low-resource settings reveal
additional failure modes. CULEMO shows that
cross-cultural emotion understanding varies sub-
stantially across languages and resource conditions
(Belay et al., 2025). Culturally-Aware Conversa-
tions argues that many existing benchmarks are
misaligned with the actual conversational situations
in which cultural adaptation matters, and demon-

strates that even strong models struggle with stylis-
tic sensitivity and subjective correctness (Havaldar
et al., 2025). In low-resource real-world scenar-
ios, qualitative assessment can surface weaknesses
that automatic metrics miss, especially in code-
mixed or socially contextualized tasks (Ochieng
et al., 2025). Regionally focused benchmarks such
as LORAXBENCH and culturally nuanced story-
generation tasks for Javanese and Sundanese also
show that cultural reasoning, formality, and local
narrative competence are uneven even within one
geopolitical region (Aji and Cohn, 2025; Pranida
et al., 2025).

These findings also connect back to dataset con-
struction. Synchronizing annotation guidelines
across cultures is itself a methodological challenge,
as shown by work on multilingual annotation de-
sign (Ferawati et al., 2024). In other words, cultural
competence is not only something to test at the end
of the pipeline; it is also shaped by how annota-
tion, adjudication, and benchmark authorship are
organized from the start.

3.3 Adaptation and alignment methods

Recent alignment work suggests that targeted inter-
vention can help. Early cultural-alignment studies
showed that model responses shift when prompted
with a dominant local language or culture-specific
persona information (AlKhamissi et al., 2024).
More recent methods go further by introducing
culture-aware training signals. CARE uses multi-
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lingual human preference data from native speakers
to improve cultural awareness (Guo et al., 2025);
CLCA uses simulated social interactions to adapt
models toward target cultural values (Liu et al.,
2025b); CulFiT synthesizes multilingual critiques
to support fine-grained cultural training (Feng et al.,
2025); and CultureSPA demonstrates that pluralis-
tic culture alignment can be improved through self-
generated culture-related supervision (Xu et al.,
2025).

These methods are promising, but their suc-
cess underscores a broader point: cultural com-
petence does not arise automatically from multilin-
gual scale. It often requires native raters, culture-
specific task framing, or carefully designed super-
vision (Guo et al., 2025; Havaldar et al., 2025).
The data and design burden is therefore part of the
science, not just an implementation detail.

3.4 Evaluation paradigms, representation,
and ecological validity

Recent work increasingly argues that the main bot-
tleneck is not only model capability but also what
current evaluations choose to treat as culture. Oh
et al. (2025) describe a “trivia-centered” paradigm
in which culture is reduced to static facts, survey
answers, or decontextualized commonsense ques-
tions. Kabir et al. (2025) show that this matters em-
pirically: open-ended assessment can yield differ-
ent conclusions from closed multiple-choice evalu-
ation, because it lets models express partial knowl-
edge, uncertainty, or culturally plausible alterna-
tives that a fixed answer set suppresses. Meanwhile,
Wu et al. (2025) survey 105 cultural-alignment
benchmarks and find that representation is heavily
concentrated in majority populations, dominant lan-
guages, and national-level categories, with much
less attention to subcultural variation or minority
perspectives. Alkhamissi et al. (2026) extend the
critique by arguing that many benchmarks rely on
impoverished concepts of culture and would benefit
from stronger anthropological grounding.

These measurement questions are tightly linked
to task realism. Cultural failures often appear most
clearly when a model must act in a situated envi-
ronment rather than answer a standalone prompt.
Qiu et al. (2025) show that LLM web agents have
markedly weaker cultural and social awareness in
live browsing settings than in simpler, non-agentic
setups. Likewise, recent multimodal video bench-
marks indicate that cultural competence depends
on joint interpretation of scene context, gesture,

speech, objects, and event structure, not just iso-
lated text or static images (Shafique et al., 2025).
Ecological validity is therefore not a downstream
deployment issue; it is part of the evaluation con-
struct itself.

Native-speaker and community-validated
datasets sharpen the point further. DaKultur shows
that automatically translated data are inadequate
for evaluating Danish cultural awareness and
that native-speaker data materially improve
both human acceptance and the usefulness of
automatic evaluation (Müller-Eberstein et al.,
2025). Community-engaged resources such as
HESEIA and SAFARI similarly demonstrate that
co-design changes which stereotypes, harms, and
everyday contexts are even represented in the
benchmark (Ivetta et al., 2025; Verma et al., 2026).
Representation, in other words, is not only a matter
of how many languages or regions appear, but
of whose categories, harms, and communicative
practices define the task.

Finally, recent efforts to scale culture-related
resources reveal a tension between breadth and
grounding. CultureInstruct and newer work on
scaling cultural resources suggest that larger mul-
ticultural instruction collections can improve per-
formance on cultural benchmarks, yet they also
raise familiar questions about provenance, normal-
ization, and loss of local detail (Pham et al., 2025;
Stepanyan et al., 2026). The research challenge is
therefore not just to collect more cultural data, but
to preserve enough social context that scaling does
not erase the very phenomena the field claims to
model.

4 Synthesis: Recurring Findings Across
the Literature

4.1 Data quantity remains necessary but
insufficient

Across the multilingual literature, training data cov-
erage remains one of the strongest predictors of
performance (Joshi et al., 2020; Blasi et al., 2022;
Adelani et al., 2024; Bagheri Nezhad and Agrawal,
2024; Bagheri Nezhad et al., 2025). However, re-
cent work shows that the path from coverage to
performance is mediated by tokenizer allocation,
literal and non-literal token alignability, prompt
language, and the interaction between local linguis-
tic phenomena and pretraining composition (Lim-
isiewicz et al., 2023; Hämmerl et al., 2025; Naous
and Xu, 2025). More data is therefore necessary,
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but it does not guarantee that a model will reason
appropriately about local culture once deployed.

4.2 Benchmark design often imports external
cultural assumptions

A second recurring pattern is that benchmark con-
struction itself can flatten culture. Translation from
English source tasks can import assumptions about
curricula, answer spaces, or what counts as com-
mon knowledge (Singh et al., 2025). Survey-style
probes can capture useful signals, but they also
narrow culture to the specific dimensions encoded
in the survey instrument (Wang et al., 2024; Zhao
et al., 2024; Masoud et al., 2025). Even locally
grounded benchmarks face design choices around
question writing, annotation, and disagreement han-
dling (Chiu et al., 2025; Kim and Lee, 2025; Haval-
dar et al., 2025; Ferawati et al., 2024). The im-
plication is that culture-sensitive evaluation must
report not only scores, but also the assumptions
embedded in benchmark construction.

4.3 Local supervision and participation
matter

A third pattern is methodological. When na-
tive speakers, culturally diverse raters, or locally
grounded supervision are included, performance
and diagnostic value tend to improve (Guo et al.,
2025; Liu et al., 2025a; Feng et al., 2025; Haval-
dar et al., 2025). Conversely, low-resource studies
repeatedly show that generic metrics or imported
annotation schemes can obscure the very failures
that matter in practice (Ochieng et al., 2025; Aji
and Cohn, 2025). Participation is therefore not
only an ethical add-on; it changes what the field
can validly claim to have measured.

4.4 Culture is distributed across modalities
and within-language variation

The broadest lesson from recent work is that cul-
ture is distributed. It appears in images, food, ar-
tifacts, emotional repertoires, social interaction,
metaphors, politeness registers, and local entities,
not only in standardized written text (Nayak et al.,
2024; Schneider et al., 2025; Yang et al., 2025; Be-
lay et al., 2025; Maji et al., 2025; Winata et al.,
2025; Villa-Cueva et al., 2025; Nyandwi et al.,
2025). It also appears within languages, through di-
alect, register, code-mixing, and local narrative con-
ventions (Aji and Cohn, 2025; Pranida et al., 2025;
Ochieng et al., 2025). This means that culture-

sensitive NLP cannot be reduced to a one-language-
one-culture mapping.

4.5 From language lists to communicative
ecologies

Taken together, these findings suggest a shift in
framing. Languages should not be treated as iso-
lated rows in a benchmark spreadsheet, but as el-
ements of communicative ecologies: institutions,
scripts, education systems, media networks, an-
notation pipelines, and communities of practice.
Some multilingual transfer studies already hint at
this by showing that contextual covariates beyond
raw data amount can help explain performance
(Bagheri Nezhad et al., 2025). Culture-oriented
work extends the point by showing that what mat-
ters is not only which language is present, but how
that language is socially situated in training, eval-
uation, and deployment (Liu et al., 2025a; Zhou
et al., 2025; Rystrøm et al., 2025).

5 Toward Better Evaluation Protocols

The literature now supports a practical conclusion:
evaluating cultural competence should be treated
as a layered protocol rather than a single bench-
mark score. Table 2 summarizes concrete shortcuts
and stronger alternatives. The key idea is to sep-
arate questions that are often collapsed in current
practice: who is represented, how the task elicits
cultural knowledge, how realistic the evaluation
setting is, who validates outputs, and what kinds of
data changed the model.

Representation audits should accompany every
benchmark. At minimum, papers should report
whether items are translated or native-authored,
which language varieties are included, whether
prompts target dominant or minoritized groups, and
how local validation was handled. This matters
because country and language labels can hide ma-
jor within-language gaps, as shown by DIALECT-
BENCH and low-resource narrative tasks (Faisal
et al., 2024; Aji and Cohn, 2025; Ochieng et al.,
2025). Benchmark audits further suggest that
majority-focused scope is still the norm, so missing-
group analysis should be treated as core evalua-
tion rather than appendix material (Wu et al., 2025;
Alkhamissi et al., 2026).

Elicitation should also be methodologically di-
verse. Closed-form surveys and multiple-choice
QA remain useful for comparability, but they
should be complemented with open generation,
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Protocol layer Common shortcut Stronger practice Representative literature

Representation audit Country/language labels
only

Report authorship, language va-
riety, translation pipeline, and
whether majority/minority or sub-
cultural groups are represented

(Wu et al., 2025; Alkhamissi
et al., 2026; Faisal et al., 2024)

Elicitation diversity Multiple-choice or Likert
only

Combine closed items with open
generation, pairwise judgments,
and qualitative error analysis

(Oh et al., 2025; Kabir et al.,
2025; Havaldar et al., 2025)

Ecological validity Static text-only QA Add conversation, web-agent, im-
age, video, and region-specific task
slices

(Qiu et al., 2025; Shafique
et al., 2025; Nayak et al., 2024)

Community valida-
tion

Expert-only or automatic
scoring

Include native-speaker review, dis-
agreement analysis, and participa-
tory co-design

(Müller-Eberstein et al., 2025;
Ivetta et al., 2025; Verma et al.,
2026)

Adaptation reporting “Culture-tuned” as a black
box

Publish supervision provenance,
target population, and trade-offs
across groups and tasks

(Guo et al., 2025; Pham et al.,
2025; Stepanyan et al., 2026)

Table 2: A practical protocol for evaluating cultural competence beyond language-only leaderboards.

pairwise preference judgments, disagreement anal-
ysis, and qualitative error coding. Recent work
demonstrates that different elicitation styles surface
different cultural behaviors and that static trivia-
style formats are too narrow for many deployment
settings (Oh et al., 2025; Kabir et al., 2025; Haval-
dar et al., 2025). Mixed protocols can better distin-
guish absence of knowledge, culturally plausible
variation, and direct norm violation.

A third requirement is to evaluate situated use.
This includes multimodal tasks, dialect and code-
mixed inputs, region-specific entities, conversation,
and agentic interaction. The point is not that every
paper must evaluate every modality, but that claims
about cultural competence should be limited to the
settings actually tested. Results from CulturalVQA,
WorldCuisines, video benchmarks, and web agents
show that performance can degrade sharply when
models must integrate local cues in more realistic
contexts (Nayak et al., 2024; Winata et al., 2025;
Shafique et al., 2025; Qiu et al., 2025).

Finally, adaptation papers should document the
social provenance of their supervision. When mod-
els improve through native preference data, co-
designed datasets, or large-scale culture-specific
instructions, those data are part of the causal ex-
planation and should be reported as such. Par-
ticipatory work in low-resource MT and design-
inspired NLP already offers a vocabulary for this,
while newer datasets show how community involve-
ment changes both task design and measured harms
(Nekoto et al., 2020; Caselli et al., 2021; Guo et al.,
2025; Ivetta et al., 2025; Verma et al., 2026). A
culture-aware benchmark without provenance or
stakeholder documentation may still be useful, but

its claims should be correspondingly narrower.
A final implication is temporal maintenance.

Cultural resources should be versioned, refreshed,
and revalidated as social norms, salient entities,
and public events change. Static benchmark re-
lease is especially brittle for culturally grounded
tasks because local salience can shift faster than
generic linguistic competence, and because new
communities or subcultures may become visible
only after deployment. Recent benchmark-audit
and resource-scaling work suggests that ongoing
collection and community review are necessary if
culture-aware evaluation is to remain current rather
than freeze one historical snapshot (Wu et al., 2025;
Stepanyan et al., 2026; Verma et al., 2026; Ivetta
et al., 2025).

6 A Research Agenda for Culturally
Grounded NLP

Distinguish multilingual coverage from cultural
competence. Reporting aggregate multilingual
accuracy is not enough. Evaluations should ex-
plicitly separate language coverage from culture-
sensitive performance, for example by contrasting
translated versus native-authored items, culturally
sensitive versus culturally agnostic subsets, and
monolingual versus code-mixed or interactional
settings (Singh et al., 2025; Rystrøm et al., 2025;
Ochieng et al., 2025).

Publish richer contextual metadata and bench-
mark slices. Benchmarks should document
script practices, domain concentration, register,
source authorship, translation pipeline, represented
communities, and community validation. The goal
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is not to create one scalar “culture score,” but to
make the assumptions behind evaluation auditable
(Liu et al., 2025a; Zhou et al., 2025; Wu et al.,
2025; Alkhamissi et al., 2026).

Use mixed elicitation protocols. Closed-form
questionnaires are useful for comparability, but
culture-sensitive evaluation should combine closed
and open-ended elicitation, pairwise judgments,
and qualitative analysis, while distinguishing gen-
uine norm violation from reasonable local variation
(Oh et al., 2025; Kabir et al., 2025; Qiu et al., 2025).

Prefer native-authored and locally validated
data where possible. Recent work shows that
native preference data, culturally diverse raters, lo-
cally authored prompts, and community-grounded
datasets surface different errors and can improve
adaptation quality (Guo et al., 2025; Chiu et al.,
2025; Kim and Lee, 2025; Müller-Eberstein et al.,
2025; Ivetta et al., 2025). This suggests that par-
ticipation should be treated as core research infras-
tructure rather than optional review.

Evaluate multimodality and within-language
variation. Future benchmarks should move be-
yond text-only settings and beyond standardized
language varieties. Multimodal artifacts, local en-
tities, politeness registers, dialects, and narrative
traditions are central to real deployment contexts
(Nayak et al., 2024; Winata et al., 2025; Maji et al.,
2025; Aji and Cohn, 2025; Pranida et al., 2025;
Faisal et al., 2024; Shafique et al., 2025).

Treat alignment as ongoing localization rather
than one-time correction. Cultural adaptation is
likely to remain task-specific, community-specific,
and dynamic. Promising methods already exist, but
they should be understood as part of a continuous
localization process that must accommodate plural-
ism and change over time (AlKhamissi et al., 2024;
Liu et al., 2025a; Feng et al., 2025; Xu et al., 2025;
Pham et al., 2025; Stepanyan et al., 2026).

Make participation and governance part of eval-
uation. Community-engaged data creation and
participatory design should be treated as part of the
experimental setup, not just project framing. Ear-
lier work in low-resource MT and positive-impact
NLP already provides methodological guidance,
and newer culturally grounded datasets show why
this matters for which harms and categories are
surfaced (Nekoto et al., 2020; Caselli et al., 2021;
Ivetta et al., 2025; Verma et al., 2026).

Maintain cultural resources as living infrastruc-
ture. Cultural knowledge, norms, and harms are
dynamic. Benchmarks should therefore support
refresh cycles, re-annotation, and versioned slices
rather than one-off releases that implicitly fix cul-
ture at collection time. Audit and scaling studies
suggest that this ongoing maintenance is necessary
both for coverage and for preventing majority de-
faults from becoming entrenched as de facto stan-
dards (Wu et al., 2025; Alkhamissi et al., 2026;
Stepanyan et al., 2026; Verma et al., 2026).

7 Conclusion

The central lesson of recent work is straightforward:
multilingual capability does not automatically yield
multicultural competence. The field now has sub-
stantial evidence, across text, values, emotion, con-
versation, multimodality, and low-resource evalu-
ation, that models can transfer technically while
still failing culturally (Rystrøm et al., 2025; Singh
et al., 2025; Belay et al., 2025; Schneider et al.,
2025). Building more culturally grounded NLP
systems will require more than scaling data. It will
require better benchmark design, richer contextual
metadata, community-grounded supervision, and
evaluation protocols that recognize languages as
part of larger communicative ecologies.

For the ACL/C3NLP community, the immediate
implication is methodological rather than purely
rhetorical. Culture-sensitive NLP should become a
standard reporting axis alongside multilingual ac-
curacy, robustness, and safety. Papers that claim
broad generalization should specify whether they
tested translated or native-authored items, standard
or non-standard varieties, static or interactive set-
tings, and which communities validated the data
and labels. Without that shift, the field risks contin-
uing to reward models that are globally legible yet
locally brittle. With it, multilingual NLP can move
closer to systems that are not merely widespread,
but socially usable across the communities they
reach.

8 Limitations

This is a synthesis paper rather than a new experi-
mental study, so its claims depend on the coverage
and quality of the underlying literature. Although
the evidence base spans more than 50 papers, it is
still uneven across regions, modalities, and tasks.
Many benchmarks are recent, and some target a
small number of countries or languages even when
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their conceptual claims are broad.
A second limitation is that the literature itself

often operationalizes culture through partial prox-
ies such as countries, prompt languages, survey
instruments, or region-specific artifacts. We fol-
low the literature in discussing these measures, but
we do not claim that any one of them captures
culture exhaustively. Our use of the term commu-
nicative ecologies is intended precisely to resist
over-identifying culture with any single variable.

A third limitation is temporal. Culture-aware
evaluation and alignment are moving quickly,
particularly in workshop, multimodal, and low-
resource settings. The research agenda proposed
here should therefore be read as a living program
rather than a closed taxonomy.

9 Ethical Considerations

The main ethical risk in operationalizing culture
for NLP is reification. Country, language, script,
or survey averages can be analytically useful while
still flattening internal diversity, especially for In-
digenous, diasporic, minoritized, or non-standard
language communities (Zhou et al., 2025; Liu et al.,
2025a). We therefore recommend treating such
variables as partial descriptors rather than as direct
stand-ins for culture.

A second risk concerns optimization targets. If
model development focuses only on predictors
that maximize average performance, it may rein-
force existing inequalities by favoring languages
and communities that already benefit from strong
representation, stable orthographies, or abundant
culturally relevant supervision (Joshi et al., 2020;
Blasi et al., 2022). Culture-sensitive evaluation
should thus prioritize disparity reporting, docu-
mentation, and community relevance in addition to
mean scores.

Finally, participatory alignment is not a magic
solution. Communities are internally diverse, dis-
agreement is often substantive, and cultural norms
change over time. Native preference learning and
local annotation should therefore be paired with
transparency about whose judgments are repre-
sented and what disagreements remain unresolved
(Guo et al., 2025; Havaldar et al., 2025; Ferawati
et al., 2024).
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bovický, and Alexander Fraser. 2025. Beyond literal
token overlap: Token alignability for multilinguality.
In Proceedings of the 2025 Conference of the Na-
tions of the Americas Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies (Volume 2: Short Papers), pages 756–767,
Albuquerque, New Mexico. Association for Compu-
tational Linguistics.

Shreya Havaldar, Young Min Cho, Sunny Rai, and Lyle
Ungar. 2025. Culturally-aware conversations: A
framework & benchmark for LLMs. In Proceed-
ings of the Fourth Workshop on Bridging Human-
Computer Interaction and Natural Language Pro-
cessing (HCI+NLP), pages 220–229, Suzhou, China.
Association for Computational Linguistics.

Guido Ivetta, Marcos J Gomez, Sofía Martinelli, Pietro
Palombini, M Emilia Echeveste, Nair Carolina
Mazzeo, Beatriz Busaniche, and Luciana Benotti.
2025. HESEIA: A community-based dataset for eval-
uating social biases in large language models, co-
designed in real school settings in Latin America.
In Proceedings of the 2025 Conference on Empiri-
cal Methods in Natural Language Processing, pages
25095–25117, Suzhou, China. Association for Com-
putational Linguistics.

Pratik Joshi, Sebastin Santy, Amar Budhiraja, Kalika
Bali, and Monojit Choudhury. 2020. The state and
fate of linguistic diversity and inclusion in the NLP
world. In Proceedings of the 58th Annual Meeting of
the Association for Computational Linguistics, pages
6282–6293, Online. Association for Computational
Linguistics.

Mohsinul Kabir, Ajwad Abrar, and Sophia Ananiadou.
2025. Break the checkbox: Challenging closed-style
evaluations of cultural alignment in LLMs. In Pro-
ceedings of the 2025 Conference on Empirical Meth-
ods in Natural Language Processing, pages 24–51,
Suzhou, China. Association for Computational Lin-
guistics.

Kyuhee Kim and Sangah Lee. 2025. Nunchi-bench:
Benchmarking language models on cultural reason-
ing with a focus on Korean superstition. In Find-
ings of the Association for Computational Linguis-
tics: ACL 2025, pages 15328–15342, Vienna, Austria.
Association for Computational Linguistics.
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