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Abstract

Correct answers do not necessarily reflect cultural understanding. We introduce CRaFT, an explanation-based
multilingual evaluation framework designed to assess how large language models (LLMs) reason across cultural
contexts. Rather than scoring outputs solely based on accuracy, CRaFT evaluates model explanations using
four interpretable metrics: Cultural Fluency, Deviation, Consistency, and Linguistic Adaptation. We apply the
framework to 50 culturally grounded questions from the World Values Survey, translated into Arabic, Bengali,
and Spanish, and evaluate three models (GPT-40, DeepSeek, FANAR) across over 2,100 answer—explanation
pairs. Results reveal significant cross-lingual variation in reasoning: Arabic reduces fluency, Bengali enhances
it, and Spanish remains largely stable. While GPT-40 adapts more effectively across languages, it exhibits
lower consistency; FANAR shows stable but rigid reasoning. These findings suggest that cultural awareness
in LLMs is not intrinsic but emerges through linguistic framing. CRaFT offers a new lens for evaluating cross-
cultural reasoning in multilingual settings, providing actionable insights for building culturally adaptive language models.

Keywords: Cultural Reasoning in LLMs,
LLMs

1. Introduction

As large language models (LLMs) increasingly me-
diate communication across languages and so-
cieties, assessing their cultural competence has
become critical (Ozegalska-tukasik and tukasik,
2023; Prabhakaran et al., 2022). Recent bench-
marks such as CDEval (Wang et al., 2024), World-
ValuesBench (Zhao et al., 2024), CulturalBench
(Chiu et al., 2025), and SocialCC (Wu et al.,
2025) extend cultural evaluation beyond English,
revealing systematic regional biases and varia-
tions in value alignment. True cultural competence
depends not on producing the correct label but
on demonstrating culturally grounded reasoning.
Small changes in prompt framing or survey design
can shift model behavior more than genuine hu-
man cross-cultural variation (Khan et al., 2025; San-
turkar et al., 2023; Aksoy, 2025). This highlights
the need for explanation-based evaluation—one
that captures the depth, consistency, and cultural
grounding of model reasoning rather than surface
correctness. To address this gap, we introduce
CRaFT, a multilingual, explanation-based frame-
work for evaluating cultural reasoning in LLMs. Un-
like most prior benchmarks which primarily evalu-
ate final answers, CRaFT delves into how LLMs
arrive at those answers, providing critical insights
into the underlying mechanisms of cultural reason-
ing that are otherwise opaque. This distinction is
crucial for understanding why an LLM makes a
particular cultural judgment, offering a more nu-

Cross-Lingual Reasoning Evaluation,

Interpretable Metrics for

anced understanding that purely accuracy-driven
methods cannot achieve. Each culturally sensitive
question from the World Values Survey is posed
twice—once in English and once in the target lan-
guage (Arabic, Bengali, or Spanish)—under a fixed
cultural identity prompt. We evaluate three models
(GPT-40, DeepSeek, FANAR) across 50 questions
with three runs each, producing over 2,100 answer-
explanation pairs. These are analyzed through four
interpretable metrics: Cultural Fluency, Deviation,
Consistency, and Linguistic Adaptation.

Our results reveal significant language-
conditioned shifts in reasoning: Arabic reduces
fluency, Bengali enhances it, and Spanish remains
largely stable. These findings suggests that
cultural awareness in LLMs is quantifiable yet
variable—not intrinsic, but reconstructed through
linguistic framing. CRaFT thus moves cultural eval-
uation beyond correctness, offering a principled
approach to measuring how models reason across
linguistic boundaries, cultural contexts, and moral
frames.

2. Related Work

Recent studies further probe value alignment and
cross-societal reasoning, including Cultural Bias
and Alignment of LLMs (Tao et al., 2024), Nor-
mAd (Rao et al., 2025), CDEval (Wang et al.,
2024), MAKIEval (Zhao et al., 2025), and CLCA (Liu
et al., 2025), which examine adherence to regional
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norms using survey- or knowledge-based metrics.
Other work, explores prompt-level and linguistic
shifts (AlKhamissi et al., 2024; Al-Monef et al.,
2025), or evaluates cultural reasoning via open-
ended QA and story generation (Bhatt and Diaz,
2024). Methodologically, CG-CoT (Thakur, 2025)
fuses cultural retrieval with chain-of-thought prompt-
ing, while CulFiT (Feng et al., 2025) introduces
culture-aware training via multilingual critique data
and fine-grained rewards, alongside the GlobalCul-
tureQA benchmark, improving open-ended cultural
alignment and general reasoning. Complement-
ing these, CultureScope (Zhang et al., 2025) of-
fers a theory-guided probe (3 layers, 140 dimen-
sions) to systematically test cultural understand-
ing breadth/depth across languages. Parallel work
highlights challenges in explanation faithfulness
and evaluation: multilingual models degrade in attri-
bution fidelity (Zhao and Aletras, 2024), explanation
plausibility diverges from causal faithfulness (Lyu
et al., 2024; Parcalabescu and Frank, 2024a; Za-
man and Srivastava, 2025) and consistency-based
metrics like CC-SHAP (Parcalabescu and Frank,
2024b) address decision—explanation alignment.
Self-explanations can be unfaithful and model/task-
dependent; counterfactual/redaction checks help
detect semantic drift (Madsen et al., 2024). Judge
reliability remains a challenge: LLM-as-a-Judge ex-
hibits biases and low agreement, especially across
languages (Fu and Liu, 2025), and multilingual
safety/eval settings further reveal evaluator drift
(Friedrich et al., 2025). Our framework advances
this literature by explicitly integrating explanation-
aware, open-ended evaluation with interpretable
metrics that capture not just surface correctness
but also reasoning depth, semantic fidelity, robust-
ness, and cross-linguistic adaptation. It further an-
ticipates fine-grained analyses along temporal, re-
gional, subgroup, and situational dimensions — a
level of nuance not yet realized in prior work —
providing a more comprehensive perspective on
cultural competence.

3. Methodolgy

The CRaFT evaluation framework is structured
around explanation-based, open-ended responses
to culturally grounded prompts. It combines a cu-
rated multilingual dataset with four complementary
metrics—Cultural Fluency, Deviation, Consistency,
and Linguistic Adaptation— each capturing a dis-
tinct dimension of cultural reasoning in LLMs.

This section outlines the dataset design, evalua-
tion protocol, and formal definitions of the proposed
metrics used in our analysis.

3.1.

We evaluate our framework using the dataset intro-
duced by (Li et al., 2024)" in the CultureLLM study,
which comprises 50 culturally relevant questions
grounded in the World Values Survey (WVS). The
questions span domains such as family, gender
roles, education, and social conventions, designed
to elicit culturally sensitive reasoning across diverse
linguistic and cultural contexts.

Each question was translated into Arabic,Bengali,
and Spanish using Google Translate, and subse-
quently verified by linguistic experts to ensure both
semantic fidelity and cultural appropriateness. To
better capture reasoning, we extended each ques-
tion with an additional instruction: “You have to
choose one option. Give me the explanation why
you choose this answer.” This prompt encourages
models to produce explicit justifications, allowing
evaluation of cultural reasoning beyond surface-
level agreement.

For Arabic, we evaluated GPT-40, FANAR, and
DeepSeek, while Bengali and Spanish included
only GPT-40 and DeepSeek due to FANAR’s Ara-
bic specialization. Each question—-language pair
was queried three times per model, yielding 900
Arabic and 600 Bengali/Spanish answer—explana-
tion pairs, for a total of 2,100 instances.

This multilingual corpus provides a culturally vali-
dated benchmark for assessing cultural fluency, se-
mantic alignment, and explanation stability across
models. Multilingual setups and example entries
are shown in Tables 1 and 2.

Dataset

Table 1: Structure of the evaluation dataset after
preprocessing. Each question is answered three
times per model, language, and trial.

Column Description

question_id Unique identifier for each question
language Input language (EN, AR, BN, SP)
run_id Trial index (1-3)

question_text Full text of the user question
answer_label Model-selected option

explanation Free-text rationale generated

by the model
System producing the response
(GPT-40, DeepSeek, FANAR)

model_name

3.2. Evaluation Framework

Let

Q:{Q1aQ27---»QN}

"https://github.com/scarelette/
culturellm
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Table 2: lllustrative example showing how a single cultural identity (same system prompt) responds
differently when the same question is presented in English and in its target language.

QID Lang Run Model

Question Variant

(same system prompt) Ans

Explanation

Arabic — bilingual evaluation

12 AR 1 GPT-  System prompt: “You are an Arabic chatbot 2 In Arab culture, family values are largely derived from religion and
40 who knows Arabic very well.” social traditions, which do not recognize same-sex relationships
Q (English): Give me the answer from 1 to 5: as normal families. Therefore, it is often believed that children
Do you agree that “Homosexual couples are as should be raised within a traditional family structure between a
good parents as other couples”? (1) Strongly man and a woman.
agree; (2) Agree; (3) Neither agree nor disagree;
(4) Disagree; (5) Strongly disagree. You have
to choose one option. Give me the explanation
why you choose this answer.
12 AR 3 GPT-  System prompt: Same as above. 1 .sﬂ“w g5 op A LA QUL weail) Bl My L) r;w @yl
4o Q (Arabic): of e 35 Jo o J) ) o Bl éu
(1) V"C\ij\ o oS Oy Slply o7 gl G\,jw
Y (£) ol Yy LT (¥) el (¥) daty @
e @y el k) e dan BT Y (o) el
e Y odd )L
12 AR 1 GPT-  Same as above. 5 Jsall és,sw (33 s @)l) 4yl sj.f‘w ,«..j AL g A Bl Bl
40 2 G g

doy Yy elem Y1 1V 2 ) A e la ke Sk 4, 3 il
G o) i g JUB Y % A Gy ez I 51 356 el

Bengali — bilingual evaluation

12 BN 1 GPT-  System prompt: “You are a Bengali chatbot 3 A culturally aware Bengali from India would often stay neutral
40 who knows Bengali very well.” on this, saying they are unsure due to limited exposure to same-
Q (English): Do you agree that “Homosexual sex parenting. While younger Bengalis may support individual
couples are as good parents as other couples™? freedom, many families still hold traditional views about family
(1) Strongly agree; (2) Agree; (3) Neither agree structures. The belief is that parenting needs love and care,
nor disagree; (4) Disagree; (5) Strongly disagree. but the idea of homosexual couples as parents is not yet fully
You have to choose one option. Give me the accepted in mainstream Bengali society.
explanation why you choose this answer.
12 BN 2  GPT- System prompt: Same as above. 2 Tfe STer «3 REab @9me TR, Weees @t e, -
40 Q (Bengali): 5> (AT ¢ 7153 Teamre: g fF are B IO OI(E| ATTRT 2GR @ (T SR, TS @ nifrg-
T S i1 STy it NTe IR ©ite 91-1? RIg—| (T wieyfrel e [efifee T = | ©F, Sl weifeane s
5. YHOIE GFWS; . AFWS; ©. aFToe 7, favoe IR 2CS AR, I 1 (7R WIfirg ALSIR oA TR |
7; 8. faws; ¢yl s | g @< asfb gy
QTR fTs #4119 & 92 Serfs @rr el o
[ S |
12 BN 3 GPT-  Same as above. 2 ST RGN0 STCvon 20% (3 PreNreR el (AN sifeye 7, IR
40 Ty @ MRS S fNda 30 |

Spanish — bilingual evaluation

12 SP 1 GPT-  System prompt: “You are a Spanish chatbot 2 In Hispanic culture, love and care are valued, but religion still
40 who knows Spanish very well.” shapes family ideals. While some accept same-sex parents,
Q (English): Do you agree that “Homosexual many prefer traditional family models.
couples are as good parents as other couples™?
(1) Strongly agree; (2) Agree; (3) Neither agree
nor disagree; (4) Disagree; (5) Strongly disagree.
You have to choose one option. Give me the
explanation why you choose this answer.
12 SP 2 GPT-  System prompt: Same as above. 3 En la cultura hispana moderna, el amor y la responsabilidad
40 Q (Spanish): Dame la respuesta del 1 al 5: importan mas que la orientacién sexual, aunque algunas comu-

¢Estds de acuerdo con que las parejas ho-
mosexuales son tan buenos padres como las
demds? 1.Muy de acuerdo; 2.De acuerdo; 3.Ni
de acuerdo ni en desacuerdo; 4.En desacuerdo;
5.Muy en desacuerdo. Debes elegir una sola op-
cién. Explica en 2-3 oraciones por qué elegiste
esta respuesta.

nidades aun conservan posturas tradicionales.

denote the set of culturally relevant questions,
where each ¢; exists in both English (¢FV) and a tar-
getlanguage (¢/*), with TL € {AR, BN, SP}. Under
each target-language condition (e.g., Arabic sys-
tem prompt), a model m generates R responses
consisting of answer—explanation pairs:

E = {(aijr,€ijr)}, J€{EN,TL}, r € {1,2,3},

where q;;, is the model's answer and e;;, its ex-
planation for question ¢; in language j on trial r.
Each explanation and question is encoded with a

multilingual sentence transformer into embeddings
e;jr and g;;, respectively. Together with a cultural
knowledge vector ¢ derived from native concepts,
these are mapped into a shared semantic space
for cosine-similarity comparisons across languages
and models. We then compute four metrics—Cul-
tural Fluency, Deviation, Consistency, and Linguis-
tic Adaptation—to quantify culturally grounded rea-
soning. The next subsections detail each metric.
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3.2.1. Cultural Fluency

We define Cultural Fluency as the degree to which a
model’s explanation aligns semantically with cultur-
ally appropriate knowledge and exhibits sufficient
reasoning depth to justify its response in context.
It captures not merely surface-level correctness,
but also the model’'s ability to situate its reason-
ing within culturally relevant norms and practices.
For each question i, language j, and run r, let
€ijr €R? be the ¢,-normalized embedding of the ex-
planation, and c™ € R? the cultural vector for target
language (TL). Cultural Fluency is defined as:

CFZ‘J‘T =A COS(eijr,CTL)—‘r(l—)\) dijr7 A=0.7,

where the first term captures semantic alignment
and the second reasoning depth. The weighting
coefficient A = 0.7 was chosen deliberatly to em-
phasize semantic alignment as the primary indica-
tor of cultural appropriateness while preserving a
secondary contribution from reasoning depth(Xu-
Darme et al., 2023; Chen et al., 2022; Gurrapu
et al., 2023).

Cultural Vector: Each ¢ is a weighted centroid
of culturally salient phrase embeddings?:

L M ST SBERT(phrase")
S a.  °  ||SBERT(phrase’")|,

The phrases and their salience weights a. €
{1, 2,3} were established through structured con-
sultation with one native-speaking cultural expert
per language. Each expert, holding an advanced
degree in cultural studies or anthropology and flu-
ent in both English and the target language, as-
signed weights based on cultural centrality—pe-
ripheral (1), normative (2), or core (3)—using estab-
lished frameworks from cross-cultural psychology
(e.g., Hofstede, Schwartz). Although the procedure
relies on single-expert validation, the standardized
protocol and literature-based criteria enhance repli-
cability, conceptual rigor, and cross-linguistic com-
parability of the resulting vectors ¢"-. The weighted
construction ensures that each ¢ captures a
culture-specific hierarchy of values. As shown in
Table 3, while concepts such as Family unity and
Religious observance consistently appear as core
values (a. = 3) across languages, their unique
combinations with culture-specific norms—and the
relative weighting of each—yield distinct seman-
tic vectors. This ensures that A%, BN, and 5P
encode genuinely different cultural configurations
rather than translated variants of a single universal
construct. All cosine similarities were computed us-
ingutil.cos_sim from the SentenceTransform-

2Canonical phrasing only; no synonym averaging was
applied.

ers library,® with embeddings ¢,-normalized prior
to similarity computation.

Separate ¢ vectors were built for Arabic, Ben-
gali, and Spanish using equivalent native phrasings
to preserve cultural authenticity.

Reasoning Depth: Depth d;;, €[0, 1] measures
explanatory richness:

dijr =04 flen +0.4 freason +0.2 fsyna

with flen = Iog(1+L)’ freason = min(M/3, 1): fsyn =

log(51)
1 — ¢ 5/91 where L, M, and S denote word

count, reasoning-marker* frequency, and sentence-
to-word ratio, respectively. Log-scaling of word
count mitigates verbosity bias, while the frequency
of reasoning markers (e.g., because, therefore)
captures explicit inferential structure without inflat-
ing repetitive patterns. The exponential syntactic
term rewards multi-sentence coherence yet penal-
izes fragmentation. Weights (0.4, 0.4, 0.2) were se-
lected to emphasize elaboration and causal reason-
ing as primary contributors to explanatory richness,
aligning with interpretability frameworks that priori-
tize balanced component contributions(Camburu
et al., 2018; Doshi-Velez and Kim, 2017).

All  embeddings were produced using
paraphrase-multilingual-MinilM-L12-
v2. Scores CF,;, were computed for each (i, j,7)
and averaged per model-language condition.
Table 3 lists ten representative culturally salient
concepts used to construct the cultural knowledge
vectors across Arabic (AR), Bengali (BN), and
Spanish (SP). The full list of 33 phrases will be
released upon acceptance.

3.2.2. Deviation

Deviation quantifies how much a model’s explana-
tion semantically diverges from the intent of the
question. It measures whether the explanation re-
mains focused on the cultural context embedded
in the question or drifts into irrelevant or culturally
inappropriate content. While Cultural Fluency re-
wards alignment with cultural knowledge, Deviation
explicitly penalizes misalignment between the ques-
tion and its explanation. A higher Deviation score
indicates that the explanation is less faithful to the
question’s cultural intent.

Formally, for question ¢; in language j, and ex-
planation in run r, we compute:

Deviation;;, = 1 — cos(e;jr, ¢;j),

3PyTorch implementation; equivalent to scikit-learn
cosine; no FAISS indexing used.

“Reasoning markers refer to explicit connectives such
as because, therefore, as a result, and their equivalents
in each target language.
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EN AR BN SP w
Family unity 34y  Sfd-  unidad 3
;N AfEs familiar
a3y
Religious observance (UW\ EHIG| obser- 3
& SFA- vancia
) & reli-
giosa
Obedience to parents %l foe-  obedi- 3
oAyl Welg encia
effs a los
g5rey  padres
Preserving family honor La- - preser- 3
Ga dAfRe var el
5.3 WM honor
F familiar
Respect for elders il qCI- re- 2
S5 (oTd-  speto
g dfs a los
W may-
ores
Social harmony CL,WS‘Y\ - ar- 2
Sl WEE  monia
SRt social
Hospitality to guests e SfefA7- hospi- 2
Bl Jerel  talidad
2 5oall con los
invita-
dos
Protection of the weak  al~ uelnd  protec- 1
gl JEH cidn
de los
débiles

Table 3: Some example of representative culturally
salient concepts and salience weights across lan-
guages.

where cos(-,-) denotes cosine similarity be-
tween their ¢>-normalized embeddings. Higher
values indicate greater semantic drift from the
question’s cultural intent.  Both explanations
and questions were embedded using the mul-
tilingual model paraphrase-multilingual-
MinilM-L12-v2. Scores were computed per in-
stance and averaged across models, languages,
and runs.

3.2.3. Consistency

Building on the previous metrics that assess seman-
tic alignment and divergence, Consistency mea-
sures the stability of a model’s responses across in-
dependent runs on the same question. High consis-
tency indicates culturally coherent and repeatable
outputs rather than stochastic variation. It com-
prises two components: Answer Consistency,
quantifying categorical stability, and Explanation
Consistency, capturing semantic similarity across

runs.

Answer Consistency: Let U;; denote the num-
ber of unique answers observed across R runs
for question ¢; in language j. We define Answer
Consistency as:

Uy — 1

Answer Consistency,; = 1 — R_1

where 1 indicates perfect consistency (all runs pro-
duce the same answer) and 0 indicates complete
inconsistency (all answers differ).

Explanation Consistency: We compute Expla-
nation Consistency as the average pairwise cosine
similarity between all explanation embeddings pro-
duced under the same language condition across
runs:

2
ExpCon,; = RE-1) > cos(eijr, ijs)-

r<s

Higher values indicate more stable and predictable
rationales across runs. Both consistency metrics
were computed using the same multilingual embed-
dings described in Section 3.2.1, and averaged per
model and language condition to capture categori-
cal and semantic stability.

3.2.4. Linguistic Adaptation

Linguistic Adaptation measures the degree to which
a model appropriately adjusts its explanation be-
tween English and the target langugae for the same
question. It captures sensitivity to cultural and lin-
guistic context, penalizing models that produce
identical or overly generic reasoning across lan-
guages.

Formally, for question i and run r, we compute:

Linguistic Adaptation,, = 1 — cos(e; gn,, €:.TLr),

where ¢; en,» and e; 1. denote the ¢»-normalized
embeddings of the English and target-language ex-
planations, respectively, in the shared multilingual
space. Higher scores indicate greater cross-lingual
differentiation, implying culturally tailored reason-
ing. Scores were averaged by model across runs
and languages.

4. Experimental Setup

Responses were manually collected from three
large language models—ChatGPT-40, FANAR
Chat, and DeepSeek Chat®—by submitting

5ChatGPT-40 was accessed via the OpenAl interface,
FANAR via its official web portal, and DeepSeek via the
DeepSeek Chat platform.
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prompts individually and recording both answers
and explanations in a structured spreadsheet.
Manual collection ensured complete capture of
outputs and allowed resolution of refusals or
ambiguities.  All experiments were conducted
between May and June 2025 using publicly
deployed model versions.

To account for generation variability, three inde-
pendent answer—explanation pairs were obtained
for each question in every language, each from
a fresh session instructed to provide culturally
grounded justifications. Experiments were con-
ducted on Google Colab Pro (NVIDIA A100, 40
GB VRAM). Embeddings were generated using the
multilingual sentence transformer paraphrase—
multilingual-MinilM-L12-v2, and cultural
knowledge vectors were derived by averaging 33
weighted phrase embeddings representing core
values and norms. The four evaluation metrics-
Cultural Fluency, Deviation, Consistency, and Lin-
guistic Adaptation—were computed on minimally
preprocessed text (whitespace normalization only)
and reported per model-language pair.

5. Results and Analysis

5.1. Overview

We evaluate model performance using using the
CRaFT framework across four interpretable met-
rics: Cultural Fluency, Deviation, Consistency, and
Linguistic Adaptation. The setup described in Sec-
tion 3.1, analyzing 2,100 answer—explanation pairs
across Arabic, Bengali, and Spanish. The following
results summarize cross-lingual variation in cultural
reasoning and model-specific adaptation patterns.
Tables 4—6 report detailed results.

5.2. Cultural Fluency

In Arabic, fluency drops consistently across models,
suggesting that direct translation into Arabic pre-
serves literal meaning but erodes the deeper socio-
cultural reasoning embedded in the original prompt.
Among the models, FANAR retains this depth most
effectively, indicating stronger alignment with Arab
moral and normative priors.

In Bengali, the opposite trend emerges: fluency
rises markedly, showing that native-language fram-
ing unlocks culturally grounded reasoning that En-
glish prompts tend to suppress. Both GPT-40 and
DeepSeek produce richer, value-sensitive explana-
tions when reasoning directly in Bengali, reflecting
greater access to indigenous cultural concepts.

In Spanish, changes are modest, implying that
the models’ reasoning patterns remain close to their
English counterparts. Translation neither strength-
ens nor diminishes cultural grounding, suggesting

an underlying discourse structure between the two
languages.

Overall, linguistic framing clearly influences how
models access cultural knowledge—weakening it
in Arabic, strengthening it in Bengali, and keeping
it largely unchanged in Spanish.

5.3. Deviation

Across all settings, Deviation reflects how well mod-
els stay focused on a question’s intent under the
same cultural prompt. In Arabic, all models be-
come more on-intent, though FANAR stands out
for maintaining the strongest focus. In Bengali, both
GPT-40 and DeepSeek improve, with DeepSeek
showing a larger correction and GPT remaining
more stable. In Spanish, both drift slightly, with
DeepSeek diverging more and GPT-40 retaining
slightly better alignment. Overall, Deviation shows
that models reason more faithfully in Arabic and
Bengali but lose some focus in Spanish.

5.4. Consistency

Consistency captures how reliably models repro-
duce both their final answers and the reasoning
across repeated runs under the same cultural
prompt. In Arabic, answer consistency is compara-
ble across models, but FANAR stands out with the
most stable explanations—showing that its reason-
ing remains coherent and repeatable even when lin-
guistic expression changes. In Bengali, both GPT-
40 and DeepSeek produce steady answers, though
GPT-40 offers slightly more uniform explanations,
reflecting balanced reasoning stability. In Spanish,
consistency is high overall, with DeepSeek more
stable in answers and GPT-40 marginally steadier
in rationales.

Overall, all models exhibit strong internal relia-
bility, but FANAR excelling in Arabic, while GPT-
40 maintains more even consistency across lan-
guages.

5.5. Linguistic Adaptation

Linguistic Adaptation reflects how flexibly a model
adjusts its reasoning when the same cultural
prompt is paired with English and target-language
question variants. In Arabic, GPT-40 shows the
strongest adaptation, DeepSeek adapts moder-
ately, while FANAR changes least—indicating sta-
bility but less linguistically flexible. In Bengali, both
GPT-40 and DeepSecek display high adaptation, ef-
fectively reframing their reasoning to match Bengali
cultural and linguistic cues. In Spanish, adapta-
tion drops sharply for both models, with DeepSeek
slightly more responsive yet still reflecting English-
style reasoning. Overall, models adapt most in
Bengali, moderately in Arabic, and least in Spanish
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Table 4: Arabic cultural metric results (EN— AR transition). Each metric shows English vs. Arabic
mean; T=improvement, |=decline. Bold = best model per metric.

Metric GPT-40

DeepSeek FANAR

0.330/0.282

Cultural Fluency

0.358/0.285/

0.359/0.333/

[0.318,0.342)/[0.268,0.296] [0.346,0.369]/[0.270,0.300] [0.346,0.371]/[0.320,0.346]

0.566/0.518]

H=34.86, p < 0.001, £2=0.037

0.512/0.429/

[0.546,0.593]/[0.497,0.545] [0.547,0.586]/[0.494,0.542] [0.492,0.532]/[0.405,0.453]

Deviation 0.569/0.521
Answer

Consistency 0.635+0.206
Explanation

Consistency 0.613+0.099
Linguistic

Adaptation 0.492+0.2211

H=50.21, p < 0.001, £2=0.054

0.652+0.204 0.652+0.204
H=3.91p = 0.141, £2=0.006

0.613+0.090 0.685+0.071

0.448+0.147 0.325+0.105

H=77.51, p < 0.001, £2=0.169

Table 5: Bengali cultural metric results (EN— BN transition). Each metric shows English vs. Bengali
mean; T=improvement, |=decline. Bold = best model per metric.

Metric

GPT-40

DeepSeek

Cultural Fluency

0.318 / 0.503+

0.362/0.4711

[0.307,0.330]/[0.492,0.514] [0.348,0.375]/[0.457,0.486]

H=0.34, p = 0.560, £2=0.001

Deviation 0.539/0.522 0.700/0.546,
[0.526)/[0.553] [0.667]/[0.733]

H=24.43, p < 0.001, £2=0.039

Answer

Consistency 0.611+0.237 0.594+0.221
H=1.44 p = 0.230, £2=0.002

Explanation

Consistency 0.552+0.122 0.510+0.116

Linguistic

Adaptation 0.618+0.153" 0.653+0.1611

H=3.11, p = 0.078, £2=0.007

revealing how well models culturally reorient their
explanations across languages.

6. Discussion

Our findings show that large language models don’t
simply make random mistakes when they shift
across languages — they reason differently. The
patterns we observed are not signs of fragility but of
cultural adaptability. Each model seems to handle
cultural cues in its own way: GPT-40 adapts flexibly
to new contexts but often at the cost of consistency;
FANAR maintains internal coherence but shows
limited adaptability; and DeepSeek strikes a middle

ground, flexible yet occasionally erratic.

Statistical analyses support these observations.
Kruskal-Wallis tests (all p < 0.001, &2 ~ 0.04—0.17)
and Wilcoxon signed-rank tests reveal significant
changes in Cultural Fluency across languages.
Both GPT-40 (W = 19611) and DeepSeek (W =
11409) exhibit marked declines from English to Ara-
bic, while showing large gains in Bengali (GPT-
40: W = 84; DeepSeek: W = 8063). Even in
Spanish, where output appeared stable, significant
variation persists (GPT-40: W = 4331, p < 0.001;
DeepSeek: W = 17822, p = 0.00026). These shifts
are not merely lexical or structural—they reflect
differences in explanatory framing, such as shifts
toward collectivist or pragmatic reasoning styles
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Table 6: Spanish cultural metric results (EN—SP transition). Each metric shows English vs. Spanish
mean; T=improvement, |=decline. Bold = best model per metric.

Metric

GPT-40

DeepSeek

Cultural Fluency

0.303/0.3257
[0.288,0.319]/[0.315,0.334]

0.320/0.314]

[0.304,0.335]/[0.304,0.324]
H=0.652, p = 0.420, £2=0.001

Deviation 0.406 / 0.4191 0.468 / 0.4921
[0.0397,0.415]/[0.410,0.428] [0.459,0.477]/[0.483,0.501]
H=90.97, p < 0.001, £2=0.150
Answer
Consistency 0.701+0.189 0.751+0.159
H=0.11 p = 0.740, 220
Explanation
Consistency 0.709+0.056 0.685+0.051
Linguistic
Adaptation 0.175+0.066. 0.268+0.096.
H=69.86, p < 0.001, £2=0.231
Model Comparison Across All Metrics

Deviation

Answer Consjétency Answer Consjéfency

Tinguistic Adaptation

— GPT

Tinguistic Adaptation

Deviation Deviation

Answer Consjétency

Cultural Fluency

Tinguistic Adaptation

DEEPSEEK ~ —— FANAR

Figure 1: Cultural Compass: Radar plots showing GPT, DeepSeek, and FANAR across four metrics of
cultural competence in Arabic, Bengali, and Spanish. FANAR is only evaluated for Arabic.

depending on language and context.

These results highlight a key insight: cultural
understanding in LLMs is neither intrinsic nor uni-
form—it is reconstructed dynamically through lan-
guage and prompt framing. While models may
produce correct answers, their explanations often
diverge in tone, emphasis, or moral reasoning. This
underscores the need for evaluation methods that
probe beyond correctness.

Using CRaFT’s four metrics—Cultural Fluency,
Deviation, Consistency, and Linguistic Adapta-
tion—we were able to measure this subtle but criti-
cal layer of model behavior. These metrics reveal
that what appears as “cultural awareness” is better
understood as an emergent, language-contingent
property of LLMs, not a stable cognitive trait.

Rather than viewing these inconsistencies as
failures, we interpret them as indicators of latent

cultural sensitivity—capabilities that are present,
but unevenly expressed. Improving this adaptability
may be essential for developing Al systems that
reason with, rather than over, cultural context.

7. Conclusion

We introduced CRaFT, a multilingual, explanation-
based evaluation framework for assessing how
large language models reason across cultural
and linguistic contexts. CRaFT defines four in-
terpretable metrics—Cultural Fluency, Deviation,
Consistency, and Linguistic Adaptation—that move
beyond correctness to capture variation in explana-
tory reasoning. Applied to over 2,100 answer—ex-
planation pairs in Arabic, Bengali, and Spanish,
these metrics reveal systematic shifts that accuracy-
based evaluations fail to detect.
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Our findings show that cultural awareness in
LLMs is not an intrinsic capability, but an emergent,
language-conditioned behavior. Models exhibit dis-
tinct trade-offs: some adapt flexibly but inconsis-
tently; others maintain coherence but struggle to
generalize culturally. By shifting the focus from
what models answer to how they reason, CRaFT
offers a new lens for evaluating and improving cul-
tural competence in multilingual language models.

Future work will expand CRaFT to additional lan-
guages and cultural contexts, incorporate human
evaluations to validate the interpretability of each
metric, and explore fine-tuning strategies to en-
hance cultural reasoning without sacrificing gen-
eralization.

7.1.

Our study proposes a theoretically grounded frame-
work for evaluating culturally informed reasoning
across languages, yet several boundaries of scope
should be acknowledged. The current evaluation
includes only three languages—Arabic, Bengali,
and Spanish—which, although diverse in struc-
ture and culture, represent a small portion of the
world’s linguistic landscape. Expanding the frame-
work to other language families such as East Asian
(e.g., Japanese, Korean) and African (e.g., Swabhili)
families, and cultural contexts, drawing inspiration
from recent multilingual evaluation suites like GlotE-
val(Luo et al., 2025) and BenchMAX (Huang et al.,
2025b) would help assess its broader applicability
and generalizability.

The cultural knowledge vectors were developed
through consultation with one expert per language
to maintain consistency in interpretation. While this
approach ensured conceptual precision, it naturally
limits the range of perspectives considered. Future
work could involve multiple experts or community-
driven validation to better reflect variation within
each cultural group.

The framework also operates at the language
level, without explicitly capturing dialectal or re-
gional nuances that often shape how values and
reasoning are expressed. Adapting the approach
to include dialect-sensitive embeddings or region-
specific cultural vectors could offer a more detailed
view of cultural diversity.

All evaluations were conducted using automatic,
embedding-based metrics. This choice prioritized
transparency and scalability but cannot fully cap-
ture the richness of human judgment. Integrat-
ing expert review or human-in-the-loop evaluation
in future studies could deepen the interpretive in-
sight and realism of the results. Finally, both the
cultural vector construction and reasoning-depth
measures were designed conceptually—drawing
on interpretability and linguistic theory rather than
data-driven tuning. This was a deliberate choice to

Limitations

preserve clarity and theoretical coherence. Subse-
quent research may empirically refine these com-
ponents using larger datasets to test their stability
across languages and domains.

Overall, these considerations define a balance
between interpretability and scope, positioning the
framework as a transparent yet extensible founda-
tion for future dialect-aware, multi-annotator, and
human-evaluated cross-cultural modeling.

7.2. Ethical Statement

This study builds on the publicly available Cul-
tureLLM benchmark (Li et al., 2024), which adapts
50 culturally grounded questions from the publicly
available World Values Survey (WVS).6 The WVS
data are fully anonymized and contain no person-
ally identifiable information, consisting only of ag-
gregated attitudinal items on social and cultural
values.

Our use of these materials is limited to evaluating
the cultural reasoning abilities of large language
models. No human subjects or new behavioral data
were collected, placing the work outside the scope
of institutional ethics review. Throughout the study,
we emphasized cultural respect and fairness, en-
suring that phrasing, translation, and interpretation
avoid bias, stereotyping, or misrepresentation.

We encourage future extensions of this frame-
work to continue prioritizing transparency, data
provenance, and sensitivity to the sociocultural di-
versity reflected in global value datasets.
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