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Abstract

Recent advances in Large Language Mod-
els (LLMs) have expanded their role in hu-
man interaction, yet information-seeking be-
havior, particularly across cultural contexts,
remains underexplored in these systems. In
this work, we study cross-cultural variation
in information-seeking using question-asking
as a mechanism. We introduce IQUEST
(Information-seeking QUestion Evaluation
across SocieTies), an evaluation framework
that measures human-model alignment in
information-seeking question behavior through
linguistic (style), topic preference (content)
analysis and grounding insights in social sci-
ence constructs. Across open- and closed-
source models, we find that LLMs flatten cross-
cultural diversity, aligning more closely with
question-asking patterns expressed in Western
countries. We also explore fine-tuning strate-
gies, which narrow the human-model alignment
gap by 43% overall. Finally, we demonstrate
that stronger information-seeking question be-
havior improves downstream cultural adaptabil-
ity, highlighting its importance for inclusive
NLP research.

1 Introduction

When people seek to understand the world, they
ask questions, and increasingly they do so in dia-
logues with LLMs (y Arcas, 2022; Steyvers et al.,
2025). Conversely, a model’s ability to ask appro-
priate follow-up questions in return can shape use-
fulness, engagement and cultural sensitivity (Rah-
mani et al., 2024; Srinivas et al., 2025; Deva et al.,
2025). For example, culturally appropriate follow-
up questions may also create a more familiar in-
teraction experience and encourage sustained en-
gagement (Huang et al., 2017; Dinesh et al., 2024).
This also has further implications in high-stakes
domains such as education (Wang et al., 2024; Nair
et al., 2024), healthcare (Wang et al., 2025), and
so on. Because information-seeking is often ex-
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of today ?
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Figure 1: Information-seeking differences across
countries. For a given topic, questions vary in style
and content across countries. Here, we show examples
from Argentina, India, Italy, and the Philippines. We
perform this analysis in 18 countries and 16 topics.

pressed through question-asking (Graesser et al.,
1993; Raz and Kenett, 2024), studying question
behavior offers a tractable way to compare humans
and models across cultures. Prior work in psychol-
ogy and education has linked question-asking to
curiosity (Berlyne, 1957; Loewenstein, 1994; Kidd
and Hayden, 2015), but in computational settings
it is especially valuable because it is directly ob-
servable without requiring access to latent internal
states in models (Graesser and Olde, 2003; Chin
and Osborne, 2008).

Prior work shows that question-asking and ex-
ploratory behavior vary across societies (Fig. 1),
influenced by social norms and educational con-
texts (Bluemke et al., 2024; Jirout et al., 2024),
framing it as a socio-cultural process shaping hu-
man interactions. However, most LLM-based
cross-cultural studies do not investigate question-
asking and focus on answering capabilities (Seth
et al., 2024; Li et al.,, 2024) and use survey-
based benchmarks (e.g., WVS,! Pew Research?,
etc.). Only limited prior work has examined
LLMs’ question-asking capability, but they are

"https://www.worldvaluessurvey.org/wvs.jsp
Zhttps://www.pewresearch.org/
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Figure 2: IQUEST Overview: (1) Linguistic Align-
ment, (2) Topic Preference Alignment, and (3) Ground-
ing to Social Science Constructs; to compare human-
and LLM- questions.

Information-Seeking
Evaluation Framework

largely unconstrained by cultural nuances in so-
cieties (Ceraolo et al., 2024; Anonymous, 2026).
Guided by these gaps, we address three research
questions that connect information-seeking and cul-
ture: (1) Do information-seeking questions vary
across human cultures, and do LLMs reproduce
these patterns?, (2) Can we align LLMs with hu-
man information-seeking question-asking patterns?
and (3) What are the practical implications of cross-
cultural information-seeking for downstream appli-
cations such as cultural adaptability?

Unlike prior work that examines cultural adapt-
ability in LLMs in isolation, we believe ours is the
first to directly compare human and LLM question-
asking, as an operationalization of information-
seeking behavior using a systematic evaluation
framework. The key contributions of our work are:
(1) We introduce IQUEST: a three-dimensional
evaluation framework to analyze human and LLM
information-seeking across cultures. (2) We ex-
plore fine-tuning strategies to improve information-
seeking behaviors in LLMs, and (3) We examine
practical implications of this behavior on cultural
tasks, demonstrating its effectiveness in improving
LLMs’ adaptability.

2 Related Work

Information seeking is a core mechanism of learn-
ing and exploration, and question asking is one
of its most observable behavioral forms (Graesser
et al., 1993; Raz and Kenett, 2024). Prior research
in psychology and cognitive science has also con-
nected question asking to curiosity (Berlyne, 1957,
Loewenstein, 1994; Kidd and Hayden, 2015). Sev-

eral works in tutoring systems, science education
and human-LLM interactions (Graesser and Per-
son, 1994; Scialom and Staiano, 2019; Ceraolo
et al., 2024) have explored question-asking as a
behavioral manifestation of exploratory knowledge
acquisition. In computational settings, question-
asking is particularly useful because it is observ-
able without requiring access to internal mental
states (Chin and Osborne, 2008; Graesser and Olde,
2003) and enables scalable analysis.

Studies show that information seeking is cru-
cial for cultural learning, often varying across
societies (Bluemke et al., 2024; Jirout et al.,
2024). This makes it especially important to study
information-seeking behavior in LLMs, which
are increasingly used in culturally diverse set-
tings where asking the right follow-up questions
can shape understanding, usefulness, and sensi-
tivity to context (Kim et al., 2022; Deva et al.,
2025). In NLP, previous work on cultural rep-
resentation in LLMs mostly focus on culture-
aware evaluation that does not examine question-
asking (Seth et al., 2024; Arora et al., 2022; Bo-
rah et al., 2025a). Cross-cultural understanding
of information-seeking behavior in LLMs is crit-
ical, as models that fail to reflect diverse curios-
ity patterns may misrepresent intent and homoge-
nize information-seeking (Mihalcea et al., 2025).
Furthermore, homogeneous LLM questioning pat-
terns may suppress exploration and collaboration
among users (Engel, 2015; Chi and Wylie, 2014).
To our knowledge, IQUEST is the first framework
to systematically compare cross-cultural question-
asking behaviors and evaluate its practical impacts
in LLMs. While prior work shows Western-skewed
cultural patterns in LLMs, we show that this skew
also appears in question-asking: models differ not
only in what they answer, but also in what informa-
tion they seek.

3 Cross-Cultural Questions Dataset

To evaluate culture-aware information-seeking
questions, we compile and use two complemen-
tary sources: (1) human-authored and (2) LLM-
generated (using cultural personas) questions and
topic preferences. Together, these datasets allow
for a systematic comparison of cultural differences
in human and LLM information-seeking. Table 1
shows several examples.



COUNTRY  HUMAN LLM (LLAMA-3-8B)
Topic: Family & Relationships

Argentina Do I miss someone with ~ How to balance individual free-
whom I didn’t have arela-  dom with family responsibili-
tionship? ties?

Canada Why are children these =~ How to navigate the complex-
days not playing together ities of blended families and
outdoors? step-parenting?

Topic: Society & Culture

France Does the multiplication of ~ What role do public holidays
the arts give a culture nec-  and celebrations play in French
tar? society?

Singapore Which is more danger- Can you discuss the impact

ous? Corona virus or the
effect of climate change?

of globalization on our culture
and preservation of local tradi-
tions?

Table 1: Cross-Cultural Questions Dataset: Question
examples for two topics across four countries.

3.1 Human-authored Questions

We use the “Yahoo! Answers” dataset,> which
contains user-submitted questions from countries
across Asia, Europe, the Americas, and Australia.
We select this dataset source as it combines natu-
rally authored questions, country-specific commu-
nities, and a topic taxonomy, which enables com-
parisons across countries and topics. But note that
these communities are not nationally representa-
tive samples. In our study, we only include those
shared topics that have questions from all countries.
Questions in local languages are translated into En-
glish using the Google Translate APL* In our study,
translation provides a practical approach for cross-
country comparison, as recruiting qualified anno-
tators across all languages are constrained by time
and financial requirements. Therefore, we perform
robustness analyses which show that several ag-
gregate linguistic patterns persist after translation,
although preservation varies for fine-grained rhetor-
ical metrics(Sec 4.1). For topic-preference analy-
ses, we use relative question frequencies as a proxy
for platform-observed . This reflects the distribu-
tion of expressed attention within each country-
specific Yahoo! Answers community rather than
a direct measure of intrinsic curiosity. Overall,
our study spans 16 topics across 18 countries. We
also perform quality control experiments to remove
scraping artifacts/duplicates and perform repeated
split-half analysis to investigate the stability of the
observed distributions (see Appendix A).

3https://www.quantcdn.io/blog/articles/we-archived-
yahoo-answers
*https://cloud. google.com/translate

3.2 LLM-generated Questions

We use two strategies: 1) LLM-Question Genera-
tion: We instruct LLMs to adopt a country persona
and generate n questions related to a given topic.
2) Topic Preference Analysis: We prompt country-
based LLM personas to generate topic rankings
based on preference. Prompt details are provided
in Appendix A.2. We use: GPT-40, GPT-5, Claude-
Sonnet-4, Qwen-3-14b, LLaMA-3-8b-instruct and
LLaMA-3-70b-instruct, and average final results
across three runs to account for variability. We ad-
ditionally include a no-persona baseline to evaluate
information-seeking in a more naturalistic setting.

4 IQUEST: Measuring Human-LLM
Alignment

Our framework IQUEST consists of three com-
plementary directions to evaluate culture-aware
information-seeking: Linguistic Alignment to cap-
ture question styles, Topic Preference Alignment to
examine content preferences, and Grounding in So-
cial Science Constructs to contextualize curiosity
within established cultural frameworks (see Ap-
pendix B.3 for a qualitative analysis of questions).

4.1 Linguistic Alignment

Taking inspiration from previous studies, we con-
sider four dimensions for linguistic analysis: (/)
ambiguity: captures the degree to which a ques-
tion invites multiple interpretations, which is cen-
tral to information-seeking as it leads to explo-
ration (Gruber and Ranganath, 2019; Tor and Gor-
don, 2020; Berlyne, 1960) (we measure this us-
ing a pre-defined list of polysemous and multiple
POS tag words), (2) rhetorical devices: refers to
creative or exploratory phrasing that can enhance
information-seeking expression (Gibbs, 1994; Mc-
Quarrie and Mick, 1996) (we use stylistic features:
repeated words, alliteration, parallelism, etc.), (3)
open-endedness: reflects whether a question al-
lows broad answers in general, similar to drive for
knowledge-seeking. (Scialom and Staiano, 2019;
Engel, 2011; Grossnickle, 2016) (note this metric
is intrinsic to the question, not on whether it could
be answered by different types of experts.), and
(4) cohesion score: measures how well a ques-
tion links concepts together — connecting ideas
can show deeper engagement (Graesser and McNa-
mara, 2011; Crossley et al., 2016) (we combine lex-
ical overlap, transition word presence and semantic
similarity for this, details are in Appendix B).
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Figure 3: Linguistic Alignment. Humans and LLMs
diverge: humans are high in ambiguity/cohesion scores,
LLMs are high in number of open-ended questions.

Results. Fig. 3 shows that humans and LLMs ex-
hibit different question-asking patterns: Humans
consistently show a higher cohesion score and
ambiguity, whereas LLMs are more open-ended.
Rhetorical devices vary across models, with some,
like LLaMA variants, being closer to human patterns.
Interestingly, humans standard deviations (0.0785)
are higher than LLMs (0.029) (F-stat:7.33), indicat-
ing that LLMs tend to flatten cross-cultural differ-
ences. Finally, we observe only minor continental
differences, so we shift to a country-level analysis
for finer cultural insights. We also run prompt-
ablation analyses (Appendix E), showing that our
findings remain consistent under prompt variations.
Country-wise analysis. Fig. 4 presents the mean
absolute differences (MAD) between models and
humans for each country. Lower values mean the
model matches closely with human scores. The
graph has color-coded regions > showing a clear
pattern with the West showing the best alignment;
followed by some Eastern and Latin American
countries. East Asia, however, shows the largest
gaps. For the no-persona baseline condition, we
observe a similar pattern where gaps are: East >
Latin Am > West. Overall, using cultural prompt-
ing (as we do in current experiments) reduces these
gaps, showing its benefits in question-asking align-
ment (details in Appendix B.2). This extends prior
observations of Western-skewed LLM behavior to
the setting of model-generated questions.

Model-wise analysis. LLaMA-3 models are the
closest to human scores overall. GPT-5 has the
largest gap, mostly driven by higher differences on

3In our study, all European, North American countries,
and Australia are considered as Western, Asian countries as
Eastern, and Mexico, Brazil, and Argentina as Latin American
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Figure 4: Country-wise Linguistic Alignment: (low
mean abs diff: high alignment) Western countries show
the highest human-model alignment, followed by Latin
American and Eastern countries.

open-ended questions and rhetorical devices. Thus,
the model rankings (distances) are: LLaMA-8b
(0.25) > LLaMA-70b (0.27) > Claude (0.28) =
GPT-40 (0.28) > Qwen-14b (0.29) > GPT-5 (0.42).
Impact of translation. We compute Spearman cor-
relations between non-translated and translated ver-
sions for countries where we have native-language
data (e.g., Spanish in Argentina). The results show
high agreement for Open-endedness ((p=0.81))
and Ambiguity ((p=0.78)), and decent agreement
for Cohesion ((p=0.65)) and Rhetorical Devices
((p=0.55)). Furthermore, the core trends are stable
under translation: human questions exhibit higher
ambiguity and cohesion, while LLM questions re-
main more open-ended. We also perform a ro-
bustness check by analyzing only the countries
with English-language sampled data, i.e. US, UK,
Canada, Australia, Singapore, Philippines and In-
dia. The macro MAD in this subset (0.255) is com-
parable to the full-dataset result (0.220), indicating
that even when translation is removed, the observed
differences remain. Since translation largely pre-
serves trends across most metrics, we use trans-
lated data for the main comparison while treating
translation-sensitive stylistic findings cautiously;
additional robustness analyses and manual valida-
tion are reported in Appendix B.1. Finally, we
conduct human validation of Spanish and Chinese
translations, finding that all sampled translations
preserve the original meaning and remain usable
for our analyses (Appendix B.1.2).

4.2 Topic Preference Alignment

We now compare culture-specific LLM topic pref-
erences with the human-authored ones using Spear-
man and Kendall correlations ([—1, 1]) (1 = very
similar to humans, 0 = unrelated, —1 = inverse).
This experiment is largely invariant to translation,
as it uses Yahoo!’s defined high-level topic clusters.
Here, topic preference refers to platform-observed
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Figure 5: Country-wise Topic-Preference Alignment:
LLaMA-3-8b correlation with humans.
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Figure 6: Topic-Preference Ranking: Heatmap of pre-
ferred topics (shortened) averaged across countries for
human and models: (1- highest preferred). It shows a
clear divergence between humans and LLMs.

question frequency. Ranking similarity measures
whether models reproduce this distribution of at-
tention, rather than capturing intrinsic cultural cu-
riosity.

Country-wise analysis. We compute country-
level correlations using the best-performing model:
LLaMA-3-8b in Fig. 5. Among countries, Ar-
gentina, France, and Brazil show the highest corre-
lations, while Mexico and the US exhibit negative
correlations. These findings diverge from our pre-
vious results using linguistic analysis, indicating
that topic preference captures distinct information-
seeking patterns. Note that this experiment mea-
sures relative topic-preference similarity, not ab-
solute cultural alignment, so negative correlations
reflect divergence in ranked topics. Detailed dis-
cussions are in Appendices C.1 and C.2.

Model Spearman  Kendall
LLaMA-3-8b 0.17 0.13
LLaMA-3-70b -0.09 -0.04
Qwen-3-14b -0.16 -0.13
Claude-Sonnet-4 -0.12 -0.08
GPT-40 -0.29 -0.20
GPT-5 -0.22 -0.14

Table 2: Topic Pref. Alignment: Model-Human Corr.
Scores: We find LLaMA variants have the highest cor-
relation while GPT variants have the lowest.

Model-wise analysis. Table 2 shows that only

LLaMA-3-8B achieves a modest positive correla-
tion, while all other models diverge, with GPT-40
exhibiting the strongest negative correlation. Fig 6
visualizes average topic preferences. LLMs consis-
tently emphasize ‘Family and relationships’, ‘Mu-
sic and entertainment’, etc. whereas humans pri-
oritize ‘Arts and humanities’, ‘Beauty and style’,
and ‘Business and finance’, highlighting systematic
differences in information-seeking focus.

4.3 Grounding to Social Science Theories

Grounding to social science constructs is essential
to ensure comparison to prior cross-cultural studies
and established cultural patterns. Specifically, we
focus on the following:

1) Hofstede’s cultural dimensions: We oper-
ationalize four information-seeking-relevant di-
mensions: (1) Uncertainty Avoidance (UA): high
UA discourages exploratory questioning, while
low UA encourages it (Hofstede, 2001; Kashdan
and Silvia, 2009). (2) Individualism—Collectivism
(IC): whether inquiry is self-focused or socially
oriented (Triandis et al., 1995). (3) Indul-
gence—Restraint (IR): indulgent cultures frame
information-seeking as hedonic, whereas restrained
cultures emphasize discipline (Hofstede et al.,
2010). (4) Long/Short-term Orientation (LSO):
whether question-asking is future-oriented or
present-focused (Hofstede and Minkov, 2010).

2) Schwartz cultural values: We focus on Open-
ness to Change versus Conservation. Openness
values novelty, questioning, and self-direction, di-
rectly promoting information-seeking as a motiva-
tional force (Schwartz, 1992; Kashdan and Silvia,
2009). But, conservation emphasizes conformity,
and tradition — constraining information-seeking to

“safe” domains.

3) Halls’ contextual dimensions: Hall’s high
context cultures rely on implicit cues, meaning
information-seeking often manifests in indirect
forms. In contrast, low-context cultures are explicit
with informatio-seeking expressed through direct
questions (Hall, 1976).

4) Education systems: Rofe-learning styles are
rule-based, authority-driven, and focused on cor-
rect answers (Biggs, 1996), and holistic learning
styles are exploratory (Nisbett, 2010).

For each of these dimensions, we compute LIWC
(Linguistic Inquiry Word Count) (Boyd et al., 2022)
scores (Fig 7); LIWC is a tool that maps text to psy-
chologically and socially meaningful categories to
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Figure 8: Social Science Theory Alignment: Region-
wise MAE for models shows West vs East/Lat Am. Dif-
ferences are prominent across models.

quantify information-seeking-driven social dimen-
sions.
Region-wise analysis. Fig 8 shows the MAD be-
tween model and human using LIWC scores. All
models are consistently closer to Western countries
than Eastern/Lat Am. countries.
Model-wise analysis. Taking human-authored
questions as baseline, we find the following order
of models from closest to farthest: LLaMA-3-8b >
LLaMA-70B > Claude > Qwen > GPT-40 > GPT-5.
Thus, LLaMA-3-8b is again the best-aligned model.
We also perform theory-wise analysis (detailed in
Table 10 and Appendix D.1).
Alignment of humans and LLMs to traditional
expectations. The traditional literature on intercul-
tural psychology expects differences across coun-
tries based on social constructs described earlier
(Table 3 ‘“Theory and Expectation’). We categorize
LIWC scores by alignment with traditional expec-
tations as Aligned, Not aligned, or

(details in the caption).

Humans themselves do not consistently follow
the traditional expectations, maybe because: (/) Ya-
hoo is an anonymous platform, effectively reducing
normative pressure (Guo and Caine, 2021; Ellison
et al., 2016) (2) cultural evolution and globaliza-

tion (Witte et al., 2020; Kittler et al., 2011; Green-
field, 2016). Among models, LLaMA-3-8b has the
highest alignment and Claude-Sonnet-4 has the
most inverted patterns. Theory-wise, both humans
and models align on IR and Schwartz’s dimensions.
Hall’s high—low context shows the strongest non-
alignment, while education systems yield the most
mixed outputs (details in Appendix D.2).

Acorss models, LLlama-3-8B shows the closest
alignment in our experiments. Its linguistic dis-
tance differ slightly from Llama-3-70B (0.25 ver-
sus 0.27), whereas the difference in topic-ranking
correlation is more pronounced. Differences in pre-
training and post-training may contribute (Dubey
et al., 2024). Furthermore, lighter RLHF and heav-
ier safety tuning in larger models may ‘“‘sanitize”
outputs toward Western norms (Aksoy, 2025; Bo-
rah et al., 2025a). However, our experiments do
not isolate their causal effects, more details in Ap-
pendix G.

4.4 Construct Validity of Metrics

To validate that our metrics capture cross-cultural
variation in information-seeking, we use two bench-
marks:

Hofstede’s UA correlation (n=18) (Hofstede,
2001) We correlate country-level human linguis-
tic metrics with country-level UA scores in the
benchmark, and observe a significant negative cor-
relation between UA and rhetorical device use
(Spearman p = —0.521, p = 0.027) (as ex-
pected), consistent with high-UA countries such as
Argentina and France (UA = 86) using fewer rhetor-
ical markers than low-UA countries like Singapore
(UA = 8) and the UK (35). Ambiguity shows a
weak, non-significant negative trend (p = —0.139,
p = 0.584). Open-endedness shows a marginal
positive correlation (p = 0.456, p = 0.047), sug-
gesting that high-UA cultures may use explicit in-
terrogative framing as a strategy to resolve uncer-
tainty (Loewenstein, 1994). Together, these correla-
tions validate that our metrics capture theoretically
grounded information-seeking expression.
Directional consistency with psychometric IC
scores (n=3) Bluemke et al. (2024) provides vali-
dated intellectual curiosity scale (ICS) scores (us-
ing a questionnaire) for 3 countries (USA, Ger-
many, and France) that are also present in the Ya-
hoo dataset. Germany shows relatively lower psy-
chometric ICS score (6§ = —0.27 relative to USA),
and a relatively higher mean absolute human-LLM
linguistic distance in our study (Fig 4). This is con-



Theory and Expectation Human LLaMA-3-8b Claude GPT-5 Qwen
IC (Hofstede) — Western societies should score higher in Individualism and Aligned Not

Asian/Latin societies score higher in Collectivism aligned

UA (Hofstede) — Mexico, Brazil and other emerging economies should have higher Not aligned Not

scores, while Anglo countries are lower aligned

IR (Hofstede) — U.S., Australia and other Western societies should be most indul-  Aligned Aligned Not

gent aligned

LSO (Hofstede) — Asian cultures emphasize the future more (long-term) than Not

‘Western cultures (short-term) aligned

Openness vs conservation (Schwartz) — Collectivist societies emphasize tradition Aligned Aligned

and family (conservation), Western societies emphasize openness

High vs low context (Hall) — Asia and Latin America are high-context, Western Not Not aligned Not Not Not
cultures low-context aligned aligned aligned aligned

Rote vs holistic learning — Most East Asian countries have been characterized as
rote-oriented, whereas Western education systems are often characterized as more
holistic, consisting of critical thinking, creativity, emotional and social development

Table 3: Alignment of humans and LLMs to traditional expectations across social science theories and constructs.
A dimension is labeled Aligned if a majority of countries (> total countries/3) match traditional expectations, Not

aligned if none match, and
therefore, no other clear pattern.
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Figure 9: Linguistic Analysis on fine-tuned vs non-
fine-tuned models: y-axis shows configs, while the x-
axis show model-human distances (L.2) (averaged across
metrics and countries). adapter -based methods with
obj2 on Reddit perform the best, while prompt-based
methods performing poorly.

sistent with the view that lower psychometric IC
populations express information-seeking in ways
less aligned with LLM defaults. While n=3 is statis-
tically limiting, this pattern is directionally consis-
tent with our metrics. These results support our lin-
guistic metrics as proxies for information-seeking
question-asking (insights in Appendix F).

5 Aligning Human-LLM
Question-Asking

Having found differences in question-asking pat-
terns by humans and LLMs, we now shift our focus
to reduce these human-LLM gaps. We use three
countries where alignment was low: Brazil, the
UK, and the Philippines (from Lat Am., Western,
and Eastern regions), and each with sufficient data.
Datasets. We use two datasets: (1) Yahoo! An-

if only a minority of countries (<= total countries/3) match,

swers, and (2) Reddit. Since data size per country
is limited in Yahoo, we apply simple lexical aug-
mentation techniques (e.g., synonym replacement),
resulting in 1,000 examples per country. For fine-
tuning, we solely use augmented Yahoo! data. For
Reddit, we collect questions from three subreddits:
r/brazil, r/askuk, and r/philippines.

Methodology. We fine-tune LLaMA-3-8b, the
model most aligned with humans, using full and
adapter-based methods. We use two objectives:
objl, generating a question for a specified country
(“Write one question from someone in <x>""), and
obj2, adding a GPT-4o-generated conversational
preface to each dataset question to encourage nat-
ural queries (e.g., for a Yahoo question: “Which
book was the spag yeti in?”, GPT-40 generates a
preceding conversation: “I was reminiscing about
those quirky children’s books we used to read
to our daughter...”). We evaluate both country-
specific and country-all (including data from all
countries) training under three data settings: yahoo-
only, reddit-only, and combined.

Evaluation. We use two approaches: (1) culture-
aware evaluation: using IQUEST on the Yahoo
dataset and (2) inherent evaluation: to determine
models’ natural inquiry ability. For (2), we de-
sign 70 generic and cultural statements that are am-
biguous and naturally invite follow-up questions
(example provided in Table 4, full dataset in Ap-
pendix H.5). To evaluate, we use: (1) Question-
Asking Rate — does the model ask an information-
seeking question? and (2) Relevance — is the ques-
tion relevant to the statement? Evaluation is per-



STATEMENT | ADAPTER | FULL-FT | NON-FT-PROMPT-BASED
Everyday statements

A guest walked | Is this a sign of | The scenario of a guest walking | In many Western cultures, it’s con-

straight into  the | trust? Orisitasign | straightinto the kitchen at someone’s | sidered impolite to enter a kitchen

kitchen at someone’s
house.

of something else?

house may have different implica-

tions ....

without being invited, however,
Asian ...

Table 4: Inherent evaluation: Examples from three model responses to benchmark statements.

formed by two human evaluators over one conver-
sation round. (see Appendix H.7 for annotation
details).

CONDITION NA CB CS

non-info-seeking 70.48% 64.71% 48.48%
info-seeking (prompt-ask) 72.09% 67.64% 49.64%
info-seeking (ft+prompt-ask) 71.06% 68.21% 56.16%

Table 5: Downstream tasks (% acc): NormAD (NA),
CulturalBench (CB), and Cultural Common-Sense (CS)

5.1 Results

Culture-aware Evaluation. Fig. 9 shows that fine-
tuning consistently narrows linguistic gaps between
humans and LLMs, overall by 42.8%, with im-
provements on semantic ambiguity (—73%), rhetor-
ical devices (—57%), and open-endedness (—56%).
Cohesion shows the opposite trend, suggesting that
while models adopt questioning patterns, structural
discourse properties may shift differently under
fine-tuning. We also compute Kendall’s coefficient
of concordance®, which increases from 0.19 (base-
line) to 0.56 (fine-tuned), indicating stronger agree-
ment among behavioral signals after training.
Across datasets, reddit-trained models are clos-
est to humans, likely due to exposure to diverse
rhetorical discourses. Adapter-based models out-
perform full fine-tuning, likely because adapters
shift output patterns without overwriting the gen-
eral flexibility of the base model, whereas full fine-
tuning may over-specialize to the training format.
Finally, obj2 is better than obj1, maybe due to
added conversational scaffolding. (trends for topic
preference analysis are similar — Appendix H).
Inherent Evaluation. We use country-all models
for inherent information-seeking, as it tests general-
purpose inquiry capabilities, and choose the best-
performing configurations from each training type.
We find that adapter-ft models pose most questions
(75%), whereas the full-ft models hardly ask any
questions (20%) (Example is in Table 4).

6https ://en.wikipedia.org/wiki/Kendall%27s_W

Qualitative analysis shows that the full-FT model
often produces statements (e.g., “I am interested
in...”) rather than explicit questions, reflecting
implicit curiosity (Berlyne, 1960). This may stem
from training differences: adapters preserve base
model priors and better support questioning and
generalization (Pfeiffer, 2023), while full fine-
tuning may reduce flexibility under prompt shifts.
Prompt-only models generate no questions. Rele-
vance remains high across (98-100%). These are
corroborated by strong annotator agreement (Co-
hen’s x: 0.81 for questions, 0.62 for relevance).
Overall, these findings reflect behavioral alignment
with human information-seeking questioning, with-
out claims about internal model states (see Appen-
dices H.8, H.9).

5.2 Downstream Impact of
Information-Seeking in LLMs

To further assess the functional value of culture-
aware information-seeking in LL.Ms, we extend
our evaluation to three complementary benchmarks
that capture culturally grounded social reasoning,
cultural knowledge, and commonsense inference:
(1) NormAd (Rao et al., 2025); (2) CulturalBench
(Hard subset) (Chiu et al., 2024); and (3) Cultural
Commonsense (Shen et al., 2024) (See Table 12 for
examples). These tasks highlight contexts where
information-seeking may assist in avoiding default
Western assumptions (details in Appendix I.1).

In our experiments, we compare a direct base-
line (models classify immediately) with two
information-seeking variants: (a) prompting mod-
els to generate 1-2 sub-questions and answer before
deciding (inspired by Self-Ask (Press et al., 2022)),
and (b) an integrated approach combining our best-
performing fine-tuned model to generate questions
and base model for answers and decision.
Results. Table 5 shows that information-seeking-
enabled variants outperform the non-information-
seeking baseline. Notably, the ft+prompt-ask set-
ting, trained on Reddit outperforms prompt-ask
overall, showing that models trained to inherently
ask questions can improve cultural adaptability.


https://en.wikipedia.org/wiki/Kendall%27s_W

Overall, information-seeking helps models avoid
overgeneralization and better grasp context (see Ap-
pendix I for further experiments and Appendix 1.3
for qualitative analysis of questions).

6 Lessons Learned and Actionable Steps

Our experimental findings highlight the importance
of information-seeking in LLMs and offer action-
able steps toward building human-aligned models.

LLM:s tend to flatten cultural differences. LLM
outputs align mostly with Western norms and fre-
quently reproduce Western stereotypes, even in
Eastern/Lat Am. contexts. Future work should
focus on improving alignment while ensuring that
biases are not reinforced during cultural adaptation.

Humans often do not follow traditional stereo-
types. Human questioning evolves from traditional
expectations. These changes highlight the need for
the NLP community to build models that capture
the diversity of human question-asking.

Adapter fine-tuning helps with human-LLM
alignment. Adapter-based fine-tuning generates
contextually relevant questions in conversations.
This shows that information-seeking questioning
is best introduced by augmenting rather than over-
writing base model priors. Future work could build
on this by scaling adapter methods.

Information-seeking in LLMs improve cultural
adaptability. Across three cross-cultural bench-
marks, we observe information seeking in mod-
els lead to better cultural adaptability. Future
work should focus on integrating information-
seeking systematically into training and evaluation
pipelines to build inclusive LLMs.

7 Conclusion

In this work, we introduced IQUEST to evalu-
ate culture-aware information-seeking in humans
and LLMs. Through complementary analyses, we
showed that LLMs often flatten cross-cultural dif-
ferences, while human questioning is more diverse
and sometimes deviate from traditions. Through
adapter-based fine-tuning, we narrowed the human-
model alignment gap and improved the down-
stream cultural adaptability of LLMs. Based on
our findings, we share ideas for future research and
open-source our framework. ’

"https://github.com/MichiganNLP/CUEST

Limitations

Dataset Coverage, Cultural Representation and
Platform Scope. Our analysis covers 18 countries
and 16 topics, which, while diverse, do not fully
represent the global landscape. Several regions and
cultural groups remain underrepresented. Further-
more, we restrict our study to English (by also trans-
lating a few local languages to English). This may
introduce subtle shifts in nuance and may bias our
study towards WEIRD (Western, Educated, Indus-
trialized, Rich and Democratic) notions (Mihalcea
et al., 2025). Future work can focus on exploring
multi-lingual cross-cultural curiosity, which may
provide further insights into localized LLM behav-
iors. Furthermore, Yahoo! Answers users are a
selected population, so observed patterns may re-
flect platform conventions, user composition, and
collection period. We perform split-half reliabil-
ity which shows stability within this corpus, but
not population representativeness. Although we
use Reddit for fine-tuning, the main human com-
parison remains based on Yahoo! Answers. So,
cross-platform replication remains a useful future
work.

Scope of Social Science Theories. We ground our
analysis in well-established cultural frameworks
such as Hofstede, Schwartz, and Hall. While these
are widely used, they offer a limited set of cul-
tural dimensions and may not fully capture contem-
porary or subcultural variation. Alternative theo-
ries such as narrative identity frameworks (Polk-
inghorne, 1996) could reveal different alignment
patterns and provide further explanations into hu-
man and LLM behaviors. Recent work has begun
using LLMs to simulate psychological and social
science constructs (Li and Qi, 2025; Borah et al.,
2025b), offering a promising direction for study-
ing curiosity within multi-agent systems. Along
similar lines, Bai et al. (2025) show that curious
VLMs in a multi-agent setting lead to improved
cross-cultural image captioning. This line of re-
search could deepen our understanding of how cul-
turally grounded questioning behaviors emerge and
interact in simulated societies.

Question-Asking as Information-Seeking.
We operationalize information-seeking through
question-asking, which is its most frequent and
observable behavioral manifestation across both
human and computational settings (Berlyne, 1957;
Kidd and Hayden, 2015; Graesser and Person,
1994). This choice is theoretically grounded in



information-seeking and inquiry research, and is
consistent with established practice in education
and cognitive science (Chin and Osborne, 2008;
Dillon, 1988). Crucially, question-asking is
tractable for large-scale computational analysis
without requiring access to internal mental states.
Future work can further investigate other manifes-
tations of information-seeking, such as sustained
attention, elaborative search (Grossnickle, 2016),
and follow-up behavior in extended interactions.
Furthermore, most LLM question-asking is
prompted rather than intrinsically motivated,
meaning our results reflect behavioral alignment
rather than internal information-seeking drive.
Future work could broaden this proxy to provide
complementary validation of behavioral proxies.
Evaluation Subjectivity. Although we use multi-
ple metrics, evaluating information-seeking and its
relevance involves subjective human judgments,
which may vary across annotators and cultural
backgrounds. Moreover, our evaluation is con-
ducted in an offline setting, which does not fully
reflect interactive conversational dynamics where
curiosity may evolve over time. Real-world deploy-
ments may exhibit different questioning behaviors.
Therefore, future work should focus on examining
these dynamics to better understand how cultural
curiosity manifests in interactive settings.

Risk of Cultural Stereotyping. Because our anal-
ysis compares country-level question patterns and
uses cultural personas, there is a risk that results
could be misread as fixed descriptions of how peo-
ple from a country or region ask questions. We
emphasize that our findings describe aggregate pat-
terns in a specific dataset, not inherent traits of in-
dividuals or cultures. This is especially important
for social-science frameworks such as Hofstede,
Schwartz, and Hall, which are useful for contextu-
alizing broad patterns but can also reinforce sim-
plified cultural binaries if treated deterministically.
Future work should include broader multilingual,
localized, and community-validated evaluations to
reduce this risk.

Translation Validation. While we use translation
to enable cross-country comparison, manual ver-
ification was limited in scope. We conducted a
small human validation for Spanish and Chinese
and found that all sampled translations preserved
the original meaning and remained usable for our
analyses (Appendix B.1.2). However, we did not
conduct native-speaker validation for all languages
or the full translated dataset, and some stylistic

features, especially rhetorical devices, may still be
affected by translation. Future work should include
broader native-speaker validation across languages
and larger samples.

Ethical Considerations

IQUEST should not be used to assign rigid cultural
profiles to users or to personalize systems based
only on nationality or regional labels. Cultural
adaptation should help models ask clarifying ques-
tions and represent uncertainty, rather than repro-
duce stereotypical expectations. We recommend
that future applications include human review and
explicit checks for whether cultural adaptation in-
creases harmful generalization or stereotype rein-
forcement.
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A Cross-Cultural Questions Dataset

First, we provide a detailed description of countries
and topics in the Yahoo! Answers dataset.

We use the following topic list of stan-
dardized topics across countries for all experi-
ments: [‘Family Relationships’, ‘Beauty
and style’, ‘Arts and humanities’,
‘Education’, ‘Computers and internet’,
‘Business and finance’, ‘Music and
entertainment’, ‘Society and culture’,
‘Health and beauty’, ‘Pets’, ‘Games and
Recreation’, ‘News and Media’, ‘Cars
and Transportation’, ‘Politics’, ‘Trips’,
‘Consumer Electronics’]

The resulting data size differs across countries;
however, we make sure each country consists of at
least 50 questions from people. Table 6 contains
question counts from the 18 countries we use in
our study.

Country # Questions
Argentina 88
Australia 308
Brazil 351
Canada 382
Germany 136
France 156
China 74
Indonesia 62
India 526
Italy 388
Mexico 54
Philippines 476
Singapore 330
Thailand 52
Taiwan 120
UK 570
US 330
Vietnam 52

Table 6: Counts of questions per country in Yahoo!
Answers Dataset.

For LLMs, we generate 10 questions per topic
for each country, so we have 160 questions per
country. Therefore, in total, we have 160 * 18 =
2880 questions from each LLM.

A.1 Quality Control on the Yahoo Dataset

Before using Yahoo for IQUEST evaluation, we
perform quality-control on the Yahoo! Answers
corpus to quantify noise and ensure the text is
suitable for linguistic analysis. We first: (i) re-
move obvious navigation/scrape artifacts (e.g., “All
Categories”, “Discover” topics etc.), (ii) measure
duplicate inflation at the exact-string level (Coun-
try—Category—Text), etc.

Furthermore, to evaluate if the data is stable, we
perform split-half reliability tests for each country.
To do this, we randomly divide the set of Yahoo!
questions into two equally sized subsets multiple
times and compute the cosine similarity between
the resulting distributions. High similarity across
splits indicates that the observed patterns are re-
producible and not sensitive to random sampling
variation. This analysis serves as a sanity check
that the dataset captures consistent question-asking
behavior rather than artifacts of sampling or noise.

We observe very high stability for most coun-
tries, except Taiwan, which provides a decent sta-
bility (0.855). Average similarity across countries
1s 0.91. This is a strong sanity check that our coun-
try topic distributions are reproducible under re-
sampling, i.e., not dominated by random noise.

A.2 Prompt details for LLLM-generated
questions

We generate LLM-based questions and preferences
by using two strategies: 1) LLM-Question Gen-
eration: We instruct LLMs to adopt a country per-
sona and employ the following prompt structure
for a given topic in the Yahoo dataset: “Assume
you are from <country>. Based on your
cultural context in <country>, generate
<x> questions related to <topic>.”. This
task aims to capture the stylistic forms of cu-
riosity. 2) Topic Preference Analysis: We
prompt country-based LLLM personas to gener-
ate topic rankings: “You are representing
the cultural perspective of <country>.
Based on <country>’s cultural values,
social priorities, and what people from
<country> typically find most interesting
in their daily lives, rank these TOPICS
from MOST to LEAST preferred based on
curiosity..” This task focuses on the contex-
tual preferences of curiosity.



B Linguistic Alignment for Curiosity

Ambiguity: We compute ambiguity using lexical
ambiguity - counting polysemous words from a
pre-defined list (i.e. words which have multiple
meanings, like bank, bark, etc.) or words with mul-
tiple POS tags (play as both noun and verb). We do
not measure contextual ambiguity as it is difficult
to utilize context for individual questions. Note
that we do not include contextual ambiguity due to
dataset-level operational constraints. We note that
it is important to consider contextual ambiguity and
leave it to future work to investigate.

Therefore, let a question ¢ have tokenized con-
tent words W = wq, ..., wy,. Let A be the list of am-
biguous polysemic words and let POS(w) C tags
be the set of POS tags observed for w in g. There-
fore, ambiguity L(q) is given by:

1
L(g) = —(>_ 1w S Al+ Y 1[[POS(w)| > 1]) (1)

wCW wCW

Rhetorical Devices: We compute curiosity-related
rhetorical features by detecting stylistic features:
repeated words (R) (e.g.“Why, why do we al-
ways...”), rhetorical questions (@) (“Who doesn’t
want to know more?”), alliteration (A) (“Curious
cats constantly question”), parallelism (P) (“What
drives curiosity? What sustains curiosity?”’) and
analogy/metaphor markers (M) such as “like”, “as
if” (e.g.“Curiosity is like a key opening doors”).
To compute the above, we use both rule-based de-
tection and LL.Ms to operationalize them. We also
perform error analysis on these sets on a set of ran-
domly chosen 10 questions from each country. We
will make them explicit in the revision. So, consid-
ering n total questions, Rhetorical Devices (RD)
is given by:

RD=(R+Q+A+P+M)/n )

Open-Ended Questions: Open-ended questions
are identified as those questions beginning with
what, why and how. To avoid including trivial fac-
tual questions, we use a natural language inference
(NLI) model using facebook/bart-large-mnli
to test whether a question is directly answerable; if
itis (e.g., “What is the capital of Cambodia?”), it is
excluded. The final score reflects the proportion of
questions that are both open-ended and not directly
answerable. It is a direct marker of curiosity
because it captures the desire to explore broad,
speculative or explanatory answers. Let I =

and  starts_with_wh = 1[first  to-
ken of question q]. Let NLI(q) €
{entailment, neutral, contradiction}. There-

fore, an open-ended indicator Q(u) is given
by:

Qu) =1 [starts_with_wh(q) =1 A NLI(q) # entailment]
3)
Cohesion Score: To compute cohesion score, we
combine: lexical overlap, transition word presence,
and semantic similarity. Lexical cohesion is cal-
culated as the ratio of overlapping to total words
between consecutive sentences (e.g., “The student
read a book. The book was about science.”). Tran-
sition cohesion counts discourse markers such as
however, therefore, or moreover that indicate log-
ical flow. Finally, semantic cohesion is measured
by embedding adjacent sentences and computing
their cosine similarity (e.g., “Curiosity drives ex-
ploration. Learning requires curiosity.” yields high
similarity). These three components are averaged
to compute the score. Let S = {s1,...,s,,} be
sentences (m > 2). For each s;, let W; be the set
of lowercased, alphabetic, non-stopword tokens.
Let T be a set of transition words (e.g., however,
therefore), and e(-) be a sentence embedder.

Lexical cohesion (Jaccard over adjacents)

m—1
1 ‘WiﬂWi+1’
m—l;‘WiUWi_;_l’ “)

Transition cohesion (rate per sentence)
1 m
TI:EZ > FlweT). (5)
=1 weW;

Semantic cohesion (adjacent cosine)
1 m—1
8o = —— Z; cos (e(s;), e(sit1)).  (6)
1=

Final score
COH(q) = %(Lx 4 min(1, T) + Sw). %)

B.1 Impact of Translation on Linguistic
Analysis

To enable cross-country comparison, we translate
non-English questions to English using the Google
Translate API. Translation is applied only to coun-
tries whose Yahoo! Answers data are not pri-
marily in English: Argentina (Spanish), Mexico
(Spanish), Brazil (Portuguese), France (French),
Germany (German), Italy (Italian), Indonesia (In-

what,why,how,when,where,who,which,whose,whom, donesian), Thailand (Thai), Vietnam (Vietnamese),



Region  popen  pAmb  Pcoh  PRhet
West 0.91 0.89 0.74 0.69
East 0.82 0.69 0.61 049
Lat Am 0.71 0.75 0.60 0.49

Table 7: Per-region Spearman correlations between non-
translated and translated metrics (computed within each
region).

Hong Kong (Chinese), and Taiwan (Chinese). Oth-
ers countries (US, UK, Canada, Australia, Singa-
pore, Philippines, India) are in English and hence,
not translated.

Methodology. We evaluate whether translation pre-
serves relative patterns in our linguistic analysis by
comparing non-translated vs. translated versions
for countries where we have native-language data.

For each country, we compute the four met-
rics on (i) the original-language questions using
language-appropriate equivalents of the heuristics
(e.g., interrogative markers and polysemous word
lists), and (ii) their English translations, using the
same metric definitions. We then compute Spear-
man rank correlation p between the two versions
and summarize results across regions.

Additionally, we compare the overall trends per

metric in linguistic analysis, comparing human and
LLM questions.
Results. The results show strong agreement
for Open-endedness ((p=0.81)) and Ambiguity
((p=0.78)), with moderate agreement for Cohe-
sion ((p=0.65)) and Rhetorical Devices ((p=0.55)).
Overall, translation largely preserves relative pat-
terns across metrics (to varying degrees), thus, we
use translated data for the remaining analyses, with
caution about translation-induced shifts in finer-
grained metrics like Rhetorical Devices.

Overall, agreement is strongest in the West for
all metrics, with similar numbers for the East and
Latin Americas.

In terms of overall trends, they are consistent
with translated variants. Considering Fig 3, we find
that LLLMs are more open-ended and humans out-
put higher ambiguous/cohesion scores. This trend
is upheld in non-translated variants. Furthermore,
region-wise variations are also consistent, that is,
Europe (0.769) and Americas (0.660) have higher
open-endedness than Asia (0.612). Cohesion and
ambiguity trends are also consistent, with Asia be-
ing the highest in both translated and non-translated
sets. Rhetorical devices are also directionally stable
but noisier (as expected).

Since there is no major degradation of the met-
rics, we proceed with using the English translations
for all countries in our analyses. Furthermore, trans-
lation may impact linguistic features (one eval di-
mension), while other dimensions like topic prefer-
ences and cultural grounding are largely preserved,
as they rely on semantic content rather than surface
form. While evaluation with multilingual data is
important, cross-cultural human validation of the
data and computational methods is also important.
However, it is not feasible for us to conduct at scale
due to cost constraints, and we leave broader multi-
lingual validation as future work.

B.1.1 Translation Robustness Analysis

To further examine whether translation artifacts
influence our results, we repeat the linguistic
alignment analysis using only the seven countries
with English-language sampled data, i.e., US, UK,
Canada, Australia, Singapore, Philippines and In-
dia, where no translation was applied.

The macro mean absolute difference (MAD) be-
tween human and model scores in this English-
only subset is 0.255 and the full datatse has a
MAD of 0.220. This result shows that the overall
human-LLM divergence persists without transla-
tion. However, it does not establish that translation
leaves every linguistic feature or regional compari-
son unaffected.

At the metric level, rhetorical devices drive
much of the English-only gap (MAD = 0.717 com-
pared to 0.237 in translated countries), while open-
endedness and cohesion show smaller differences.
This is notable because rhetorical devices were the
most translation-sensitive metric in our earlier anal-
ysis (p = 0.55 in Appendix B.1). The larger gap in
countries with English-language data suggests that
translation may suppress stylistic divergence rather
than artificially inflate it.

Overall, these results support treating our cross-
cultural alignment findings as robust to potential
translation artifacts.

B.1.2 Manual Translation Validation

We additionally conducted a small manual valida-
tion of translated questions for Chinese and Span-
ish. We sampled 50 translated questions per lan-
guage, stratified across topics when possible. We
recruited two native annotators (who were fairly
compensated and consented to the study) reviewed
each original question and its English translation.
For each pair, the annotator answered three vali-
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Figure 10: Country-wise Linguistic Alignment: on
baseline LLM vs human questions: Western countries
show the higher human-model alignment on average,
followed by Latin American and Eastern countries. This
gap is consistent with previous findings, however, cul-
tural personas reduces these gaps substantially across
regions.

dation questions: (1) whether the English transla-
tion preserved the meaning of the original question
and (2) whether the translated question remained
grammatical and understandable in English. The
annotator marked all sampled translations as valid
on these two criteria. Therefore, the annotation in-
vestigates semantic fidelity and question usability.

This validation is limited in scope. We did not
conduct validation on the full translated dataset,
and the validation focused primarily on semantic
adequacy and readability rather than fine-grained
stylistic preservation. Since some metrics, espe-
cially rhetorical devices, may be sensitive to trans-
lation, future work should include broader native-
speaker validation across languages and larger sam-
ples.

B.2 Baseline comparison to human results

To contextualize existing results that use persona
prompting for cultural grounding, we evaluate a
no-persona baseline condition using the prompt:
“You are browsing the internet and curious
about [topic]. What question would you
ask?” Fig 10 shows country-wise MAD for both
conditions. Table 8 reports regional averages.

Region Baseline Cultural LLM  Reduction (%)
West 0.201 0.153 —23.7%
Latin Am 0.270 0.151 —44.1%
East 0.230 0.158 —31.3%

Table 8: Regional MAD for baseline (no-persona) and
cultural LLM (persona-prompted) conditions, averaged
across six models. Cultural persona prompting reduces
human-model distance across all regions, with largest
gains for non-Western contexts.

We observe that alignment follows a West <
Latin Am < East pattern (0.20, 0.27, 0.29), con-

sistent with LLMs defaulting to Western question-
asking styles. Introducing cultural personas re-
duces gaps substantially across all regions, but
benefits non-Western regions more, after which
regional differences nearly decrease. Therefore,
we use cultural grounding in our main experiments,
which also shows similar West < Latin Am < East
patterns in alignment.

B.3 Qualitative Analysis of Cross-Cultural
Questions

Human-model (we examine LLaMA-3-8b here)
questions qualitative analysis shows differences
in forms and orientations of questions. We observe
that humans often frame questions in outward-
looking, contrastive, or causal ways (for exam-
ple, asking questions about other countries), while
model tends to ask socially neutral, inward-facing,
and generic lifestyle queries.

Humans. People frequently ask about other coun-
tries’ practices or global comparisons, showing in-
tercultural curiosity and “why/how” framing. E.g.,
a UK human asks, “How would the world be
different if Britain had won the War of 18127
a Canada human asks, “What’s the correct term
for someone who dislikes the United States of
America?’ (US as target of inquiry); Germany
mentions England as a favorite vacation spot;
Brazil asks, “If there was a war between the US
and Russia, who would you cheer for?” (geo-
political comparison); the Philippines asks, “Why
do people in nearly every country have an unfa-
vorable opinion of people in the USA?” and Tai-
wan references France/UK/Germany/US/Canada
in questions about Western culture. These are very
outward-facing, often evaluative, and often probe
causes, consequences, or differences across soci-
eties.

Model. The model often defaults to light cultural
themes within the same country,and avoid cross-
country comparisons (more neutral opinions). E.g.,
Germany: “How do families handle conflicts?”;
France: “What are common ways for couples to
celebrate their first anniversary?”’; UK: “What are
common reasons for couples to divorce in the
UK?”; Taiwan: “What role does education play
in shaping expectations for relationships and mar-
riage?”. These are culturally plausible but inward-
facing and socially neutral, rarely contrasting coun-
tries or asking causal/historical/creative (if-based)
questions, hence less intercultural breadth and
weaker alignment with the outward, comparative



curiosity common in human questions.

This likely happens because instruction tuning
may reinforce generic question patterns, leading
to models lacking the perspective-taking needed to
ask about other cultures. As a result, they default to
socially neutral, inward-facing questions and may
amplify cultural stereotypes due to the predomi-
nance of Western data in the pre-training data. The
above finding also highlights a new perspective for
analyzing human-LLM differences. Rather than fo-
cusing on linguistic analysis and topics, examining
how and from where questions are asked — inward
vs. outward, neutral vs. contrastive (sentiment) of-
fers a complementary lens on LLM-human cultural
alignment. Future work can systematically model
these orientations to better capture how humans
engage with cultures beyond their own, and train
LLMs to richer questioning behavior.

C Topic Preference Alignment

For human topic preferences, we use the fre-
quency of questions per topic as a proxy for
interest — topics with more questions indicate
greater human curiosity and engagement. For
LLMs, we use the following prompt for topic
preference analysis across models: You are
representing the cultural perspective
of <country>. Based on <country>’s
cultural values, social priorities, and
what people from <country> typically find
most interesting in their daily lives,
rank these topics from MOST to LEAST
preferred:"” topic_listConsider country’s
unique cultural context, economic
priorities, and social values when
ranking. Return ONLY a JSON array with ALL
len(topic_list) topics in your preferred
order. Format: ["Most interesting topic”,
"Second most interesting”, ..., "Least
interesting”]’ Think about what would
genuinely capture people’s attention in
country, not just a generic ranking.

C.1 Topic-Preference by Country

Table 9 show the topic preference rankings by coun-
tries corresponding to humans and models used.
Here’s a detailed qualitative analysis of the closest
model (LLaMA-3-8b) with humans - region-wise to
determine divergence in country wise results:

Latin America. In Argentina and Brazil, we ob-
serve the highest alignment between human and

model. Both prioritize Family & Relationships
and Music & entertainment, reflecting collectivist
values and the strong presence of entertainment
in local digital cultures. These patterns align well
with cultural stereotypes documented in prior cross-
cultural studies such as Hofstede, which associate
Latin American societies with close interpersonal
ties and communal activities. Mexico, however,
shows lower overlap: humans emphasize Pets and
Trips, which the model does not capture, indicating
more localized lifestyle information-seeking that is
not fully captured by the model’s global priors.
Europe. France and Germany exhibit moderate
overlap, as both humans and the model highlight
cultural and educational categories (Arts & hu-
manities, Society & culture, Education). How-
ever, the model tends to rank entertainment and
family topics higher than humans, which reduces
region-specific alignments. In the UK and Italy,
divergence is larger. In the UK, humans prioritize
Arts & humanities while de-emphasizing Politics,
whereas the model foregrounds Family, Politics
and Music, applying a generic Western schema.
Italy shows similar gaps, with humans emphasiz-
ing lifestyle topics like Beauty, Travel, and Pets,
which are downplayed by the model.

Asia. Across India, Southeast Asia, and East Asia,
human information-seeking tends toward Business
& finance, Technology, and Lifestyle, while the
model consistently ranks Family and Music highest.
This leads to low overlaps, especially in Taiwan
and India, where human preferences for technolog-
ical and knowledge-seeking topics are pronounced.
Additionally, in China and Vietnam, human lists
emphasize Computers, Education, and Social sci-
ences, which the model under-represents.

North America. In the US and Canada, hu-
mans consistently prioritize Beauty style, Busi-
ness & finance, Cars & Transportation, and
Games & Recreation, reflecting technology-
oriented information-seeking. By contrast, the
model favors Arts humanities, Music, and Family,
producing low overlaps. This indicates that while
the model captures some Western cultural con-
tent, it underestimates the prominence of lifestyle
information-seeking in North American contexts,
leading to misalignment.

Overall, these patterns reveal that LLaMA-3-8b
encodes a narrow, Western-entertainment—centric
topic prior that shapes its information-seeking out-
puts across regions. The model aligns best in con-
texts where human information-seeking overlaps



COUNTRY

HUMANS

LLAMA-3-8B

GPT-40

GPT-5

LLAMA-3-70B

QWEN-3-14B

CLAUDE-SONNET-4

Argentina

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, Health
and beauty, Pets, ...

Family & Relation-
ships, Music and en-
tertainment, Arts and
humanities, Society
and culture, ...

Family & Relation-
ships, Politics, Mu-
sic and entertainment,
Society and culture,

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, Politics,

Family & Relation-
ships, Society and
culture, Music and en-
tertainment, ...

Family & Relation-
ships, Music and en-
tertainment, Health
and beauty, Pets, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, Politics,

Canada

Beauty and style,
Business and finance,
Games and Recre-
ation, Pets, ...

Music and  enter-
tainment, Arts and
humanities, ~ Trips,

Games and Recre-
ation, ...

Education, Society
and culture, News
and Media, Politics,

Family & Relation-
ships, News and Me-
dia, Politics, Society
and culture, ...

Family & Relation-
ships, Health and
beauty, Music and
entertainment, ...

Politics, News and
Media, Family & Re-
lationships, ...

Family & Relation-
ships, Health and
beauty, Education,
News and Media, ...

India

Arts and humanities,
Beauty and style,
Business and finance,
Cars and Transporta-
tion, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

Education, Family &
Relationships, Soci-
ety and culture, Pol-
itics, ...

Family & Relation-
ships, Education, So-
ciety and culture, Pol-
itics, ...

Family & Relation-
ships, Society and
culture, Education, ...

Family & Relation-

ships, Beauty and
style, Health and
beauty, ...

Family & Relation-
ships, Education,
s and finance,

Australia

Arts and humanities,
Beauty and style,
Business and finance,
Cars and Transporta-
tion, ...

Music and entertain-
ment, Trips, Arts and
humanities, ...

Trips, Music and en-
tertainment, Family
& Relationships, ...

Trips, Family & Rela-
tionships, Sports and
Recreation, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

News and Media, Pol-
itics, Family & Rela-
tionships, ...

Family & Relation-
ships, Games and
Recreation, Trips, ...

Brazil

Arts and humanities,
Beauty and style,
Business and finance,
Computers and inter-
net, ...

Arts and humanities,
Music and entertain-
ment, Society and cul-
ture, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

Music and entertain-
ment, Family & Rela-
tionships, Society and
culture, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

Family & Relation-
ships, Music and en-
tertainment, Beauty
and style, ...

Germany

Society and culture,
News and Media,
Beauty and style, ...

Arts and humanities,
Music and entertain-
ment, Family & Rela-
tionships, ...

Education, Politics,
Business and finance,

Politics, Business and
finance, Education, ...

Society and culture,
Politics, News and
Media, ...

Society and culture,
Family & Relation-
ships, Health and
beauty, ...

Politics, News and
Media, Education, ...

France

Education,  Society
and culture, Comput-
ers and internet, ...

Arts and humanities,
Music and entertain-
ment, Society and cul-
ture, ...

Arts and humanities,
Society and culture,
Politics, ...

Arts and humanities,
Society and culture,
Family & Relation-
ships, ...

Society and culture,
Arts and humanities,
Music and entertain-
ment, ...

Society and culture,
Family & Relation-
ships, Health and
beauty,

Society and culture,
Arts and humanities,
Politics, ...

China

Computers and Inter-
net, Social Sciences,
Beauty and fashion,

Family & Relation-
ships, Beauty and
style, Arts and hu-
manities, ...

Education, Business
and finance, Family &
Relationships, ...

Education, Family &
Relationships, Poli-
tics, ...

Family & Relation-
ships, Education, So-
ciety and culture, ...

Family & Relation-
ships, Beauty and
style, Health and
beauty, ...

Education, Family &
Relationships, Busi-
ness and finance, ...

Indonesia

Business and finance,
Games and Recre-
ation, Arts and hu-
manities, ...

Family & Relation-
ships, Music and en-
tertainment, Beauty
and style, ...

Family & Relation-
ships, Education, Mu-
sic and entertainment,

Family & Relation-
ships, Society and
culture, Religion and
Arts, ...

Family & Relation-
ships, Society and
culture, Education, ...

Family & Relation-

ships, Beauty and
style, Music and en-
tertainment, ...

Family & Relation-
ships, Society and
culture, Music and en-
tertainment, ...

Italy

Beauty and style,
Business and finance,
Music and entertain-
ment, ...

Family & Relation-
ships, Music and en-
tertainment, Arts and
humanities, ...

Family & Relation-
ships, Arts and hu-
manities, Music and
entertainment, ...

Family & Relation-
ships, Arts and hu-
manities, Society and
culture, ...

Family & Relation-
ships, Society and
culture, Beauty and
style, ...

Society and culture,
Family & Relation-
ships, Health and
beauty, ...

Family & Relation-
ships, Beauty and
style, Arts and hu-
manities, ...

Mexico

Pets, Trips, Con-
sumer Electronics, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

Family & Relation-
ships, Society and
culture, Music and en-
tertainment, ...

Family & Relation-
ships, Music and en-
tertainment, Beauty
and style, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

Philippines

Arts and humanities,
Beauty and style,
Business and finance,

Family & Relation-
ships, Music and en-
tertainment, Beauty
and style, ...

Family & Relation-
ships, Music and en-
tertainment, Educa-
tion, ...

Family & Relation-
ships, Society and
culture, Music and en-
tertainment, ...

Family & Relation-
ships, Society and
culture, Health and
beauty, ...

Family & Relation-
ships, Music and en-
tertainment, Health
and beauty, ...

Family & Relation-
ships, Music and en-
tertainment, Beauty
and style, ...

Singapore

Arts and humanities,
Business and finance,
Computers and inter-
net, ...

Family & Relation-
ships, Music and en-
tertainment, Beauty
and style, ...

Education, Business
and finance, Family &
Relationships, ...

Business and finance,
Education, Politics,

Family & Relation-
ships, Society and
culture, Education, ...

Family & Relation-

ships, Beauty and
style, Health and
beauty, ...

Education, Business
and finance, Family &
Relationships, ...

Thailand

Business and finance,
Arts and humanities,
Beauty and style, ...

Music and entertain-
ment, Family & Rela-
tionships, Beauty and
style, ...

Family & Relation-
ships, Society and
culture, Music and en-
tertainment, ...

Family & Relation-
ships, Society and
culture, Music and en-
tertainment, ...

Family & Relation-
ships, Society and
culture, Beauty and
style, ...

Family & Relation-

ships, Beauty and
style, Health and
beauty, ...

Family & Relation-

ships, Beauty and
style, Health and
beauty, ...

Taiwan

Computers and inter-
net, Society and cul-
ture, Business and fi-
nance, ...

Music and entertain-
ment, Beauty and
style, Arts and hu-
manities, ...

Education, Family &
Relationships, Soci-
ety and culture, ...

Education, Business
and finance, Politics,

Family & Relation-
ships, Society and
culture, Education, ...

Society and culture,
Family & Relation-

Education, Family &
Relationships, Con-
sumer Electronics, ...

UK

Arts and humanities,
Beauty and style,
Business and finance,

Arts and humanities,
Music and entertain-
ment, Family & Rela-
tionships, ...

Politics, News and
Media, Society and
culture, ...

Politics, News and
Media, Society and
culture, ...

Family & Relation-
ships, Music and en-
tertainment, Society
and culture, ...

ships, Health and
beauty, ...
News and Media,

Politics, Health and
beauty, ...

News and Media, Pol-
itics, Family & Rela-
tionships, ...

us

Beauty and style,
Business and finance,
Cars and Transporta-
tion, ...

Arts and humanities,
Music and entertain-
ment, Family & Rela-
tionships, ...

Politics, News and
Media, Business and
finance, ...

Politics, News and
Media, Business and
finance, ...

Family & Relation-
ships, Music and en-
tertainment, Health
and beauty, ...

News and Media, Pol-
itics, Music and enter-
tainment, ...

Family & Relation-
ships, Music and en-
tertainment, Politics,

Vietnam

Computer and Inter-
net, Arts and humani-
ties...

Music and entertain-
ment, Beauty and
style, Arts and hu-
manities, ...

Education, Family &
Relationships, Soci-
ety and culture, ...

Family & Relation-
ships, Society and
culture, Education, ...

Family & Relation-
ships, Society and
culture, Education, ...

Family & Relation-

ships, Beauty and
style, Health and
beauty, ...

Family & Relation-
ships Education,
s and finance,

Table 9: Topic Preference Rankings by Country and Human/Model (note that we do not display all 16 topics here)



with stereotypical global themes — such as collec-
tivist, entertainment-heavy cultures in Latin Amer-
ica; but diverges in regions where humans empha-
size more consumer, technological, educational, or
culturally specific interests, as seen in Asia and
North America.

C.2 Topic Preference Divergence from
previous findings

To deep dive into this divergence from previous
findings, we qualitatively analyze topic prefer-
ence rankings and interpret human-LLM simi-
larity through established cultural and historical
frameworks (e.g. collectivism-individualism, me-
dia ecosystems, etc.). We observe that similar-
ity is strongest when human information-seeking
aligns with widely documented cultural associa-
tions, for example, Argentina and Brazil prefer
family and entertainment, consistent with collec-
tivist values (Hofstede, 2001; Krys et al., 2022)
and are entertainment-rich online cultures®. Sim-
ilarly, France and Germany highlight arts and
humanities, reflecting cultural history (e.g., Eu-
ropean Wikipedias (Ahmed and Poulter, 2023)).
Human-LLM similarity decreases when human
information-seeking deviates from stereotypes or
focuses on underrepresented topics. For exam-
ple, in the UK, humans prioritize arts over politics
despite the dominant political discourse (Brexit).
Overall, while LLMs align closely with West-
ern contexts, they also reinforce Western stereo-
types (Borah et al., 2025a). These findings suggest
that LLMs systematically reproduce traditional cul-
tural stereotypes, favoring historically dominant
topic—country associations. It is also important to
note that this experiment measures relative topic-
preference similarity, not absolute cultural align-
ment; thus, negative correlations (e.g., for the US
in Fig 5) reflect divergence in ranked topics rather
than lack of Western alignment.

D Grounding to social science theories
and constructs

Figure 11 provides a brief description of the social
science grounding in our framework. We show
dimensions that positively correlate and negatively
correlate with information-seeking in green and red
highlights respectively.

8Online video surpasses traditional media in Latin Amer-
ica, new report finds.

D.1 Model Performances across Social
Science Theories

Across social science theories and constructs, the
following rankings show which theories models
align with most closely to least closely (on aver-
age): IC > Schwartz’s Openness vs Conservation >
IR > Rote vs Holistic > LSO > UA > High-/Low-
context.

Table 10 shows the closest and farthest dimen-
sions from humans per model. Hall’s high-context
and low-context dimensions are where models di-
verge the most.

Model Closest Farthest

LLaMA-3-8b IC High/Low con.
LLaMA-3-70b Open./Cons. High/Low con.
Qwen-3-14b Open./Cons. High/Low con.
Claude-Sonnet-4 Rote/Holistic High/Low con.
GPT-40 Open./Cons. High/Low con.
GPT-5 Rote/Holistic High/Low con.

Table 10: Closest and Farthest social science dimensions
from human baseline.

D.2 Alignment of Humans and LLMs to
traditional theories.

The traditional literature on intercultural psychol-
ogy expects differences across nations based on the
above theories and constructs. Table 11 shows a
table that summarizes whether the human baseline
and each model follow the traditional expectation
(Aligned), depart from it (Not aligned), or show no
clear pattern (Mixed).

We also provided analysis of each individual
dimension in the following. Each dimension opens
with expectations and our observations from the
human and LLM-generated question.

IC: Expectation: Western/Anglo societies score
high on individualism; Asian and Latin Ameri-
can societies score medium or low. For humans,
Thailand has high collectivism scores, which is
expected. However, Mexico and Taiwan have the
highest individualistic scores, which is opposite to
expectations. Among LLMs, only LLaMA-3-8b
show West-East patterns in terms of IC, so they are
somewhat aligned. Other LLMs produce almost in-
dividualistic or opposite trends. ( ,
LLaMA-3-8b - partial alignment)

UA: Expectation: Western/Anglo and Scandina-
vian countries have low uncertainty avoidance;
emerging markets such as Brazil, Mexico and


https://latamjournalismreview.org/articles/content-creators-and-online-video-gain-ground-over-traditional-media-in-latin-america-new-report-finds/#:~:text=%E2%80%9CDependence%20on%20social%20media%20is,%E2%80%9D
https://latamjournalismreview.org/articles/content-creators-and-online-video-gain-ground-over-traditional-media-in-latin-america-new-report-finds/#:~:text=%E2%80%9CDependence%20on%20social%20media%20is,%E2%80%9D

[Green: promotes curiosity | Red: constrains curiosity]

Uncertainty
Avoidance (constrain)

Schwartz

Openness to
Change (promote)

Individualism (promote) Conservation (constrain)

Collectivism (promote)
Indulgence (promote)
Restraint (constrain)

Long-Term Orientation (promote)

Short-Term Orientation (promote)

Education

High-Context (promote Rote Learning (constrain)
(relational/indirect))

Low-Context (promote Holistic Learning (promote)
(direct/analytical))

Figure 11: Social Science theories and connection to information-seeking

Theory and Expectation Human

LLaMA-3-8b Claude GPT-5 Qwen

IC (Hofstede) — Western societies
should score higher in Individualism
and Asian/Latin societies score higher
in Collectivism

Aligned Not aligned

UA (Hofstede) — Mexico, Brazil and
other emerging economies should have
higher scores, while Anglo countries are
lower

Not aligned Not aligned

IR (Hofstede) — U.S., Australia and
other Western societies should be most
indulgent

Aligned

Aligned Not aligned

LSO (Hofstede) — Asian cultures em-
phasize the future more (long-term) than
Western cultures (short-term)

Not aligned

Openness vs conservation (Schwartz)
— Collectivist societies emphasize tradi-
tion and family (conservation), Western
societies emphasize openness

Aligned

Aligned

High vs low context (Hall) — Asia and
Latin America are high-context, Western
cultures low-context

Not aligned

Not aligned Not aligned  Notaligned Not aligned

Rote vs holistic learning — Most East
Asian countries have been characterized
as rote-oriented whereas Western edu-
cation systems are often characteristed
as more holistic, consisting of critical
thinking, creativity, emotional and so-
cial development

Table 11: Alignment to traditional theories

China have medium—high score. In human ques-
tions, Vietnam shows the highest UA, which is
expected, however most countries show little varia-
tion. For models, there is no clear pattern. (
. )

IR: Expectation: Indulgence scores are highest in
Latin America, parts of Africa, the Anglo world
and Nordic Europe; restraint is mostly found in
East Asia and Eastern Europe. In human ques-
tions, we find Western nations as more indulgent
than the Eastern ones - somewhat aligning to Hofst-

ede’s theory. Similarly, the top indulgent countries
in LLaMA-3-8b are the US, Canada and Mexico,
somewhat aligning with expectations. However,
there are a few outliers, for e.g., India’s human
and model data show high indulgence, contrary to
“restrained” classification in Hofstede’s framework.
(Humans = partial alignment, LLaMA-3-8b = par-
tial alignment).

LSO: Expectation: High long-term orientation
scores occur mainly in East Asia (South Korea, Tai-
wan, Japan); they are moderate in Europe and low



in Anglo countries and Latin America. In humans,
Vietnam has the highest long term orientation, how-
ever other Asian countries are low (sometime lower
than Western countries). In LLMSs, none of the mod-
els show clear patterns ( ,

).
Scwartz’s openness vs conservation: Expecta-
tion: Collectivist cultures like Asian and Latin
American countries emphasize tradition and fam-
ily (conservation), whereas individualistic cultures
emphasise openness to change. Both humans and
models (LLaMA variants) assign similar “open-
ness” levels across countries, with little reflection
of the stronger religious/traditional conservation in
Asian/Latin American countries like India, China
or Brazil. (Humans = partial alignment, LLaMA =
partial alignment).
Halls context vs no-context: Expectation:
High-context communication is observed in many
Asian and Latin cultures, where messages are im-
plicit and layered; low-context communication,
characteristic of Anglo countries, is direct and
explicit. For humans, the top high-context soci-
eties are Indonesia, Mexico and Argentina, whereas
Italy, Germany and France are the top low-context.
This is the opposite of what is usually expected.
Furthermore, models also reverse this behavior
with US being the highest high-context countries.
(Humans = not-aligned, LLMs = not-aligned).
Rote- vs Holistic Learning: We also do not ob-
serve any clear cultural pattern in rote vs holis-
tic learning. Humans score high in Germany and
France on rote learning and high in Vietnam and
China on holistic thinking, which is different than
expected. Models often disagree, with country
rankings shifting across dimensions and models.

( , ).

E Prompt Ablation Experiments

We perform some experiments to determine prompt
sensitivity using prompt ablations for the linguistic
analysis task. We also perform additional analyses
with neutral (no-persona) LLM instantiation.
Specifically, we test out three different prompts
in addition to the original one for the : (1) “You
grew up in country and are familiar with the cul-
tural norms there. From this cultural perspective,
write <n> questions related to the topic: topic.”
(2) “Answer as someone living in country, draw-
ing on typical cultural perspectives. Produce <n>
questions that you would naturally ask about the

topic: topic.” and (3) “Generate <n> questions
related to the topic: topic. Do not adopt any par-
ticular cultural background; answer as a neutral
respondent.” Here, (1) and (2) include cultural
perspective, whereas (3) does not include any per-
sona. Averaging across countries and topics, we
find that (1) and (2) generate closer outputs to orig-
inal prompt, with cosine similarity among metrics
averaging around 0.6. The neutral persona is far-
ther away from the original prompt with cosine
similarity around 0.04. On doing country-level
analysis, we find the neutral persona is closest to
Western countries Italy, US, and France (similarity
of 0.6). This shows that LLM inherently are closer
to output questions that are similar to the ones in
Western.

F Detailed Construct Validity Analysis

A central concern is whether our linguistic metrics:
ambiguity, open-endedness, cohesion, and rhetor-
ical devices capture information-seeking-driven
question-asking behavior or merely surface-level
stylistic variation. To address this, we conduct a
multi-source construct validity analysis, compar-
ing our metrics against two independent external
benchmarks: (1) Hofstede’s Uncertainty Avoidance
(UA) index (Hofstede, 2001) and (2) the Intellec-
tual Curiosity Scale (ICS) validated by Bluemke
et al. (2024).

In this section, we investigate whether they pro-
duce country-level patterns consistent with estab-
lished cultural and psychological theory if they
are capturing information-seeking-related expres-
sion. The theoretical rationale connects UA to
information-seeking as follows: Uncertainty Avoid-
ance measures the degree to which members of a
culture feel threatened by ambiguous or unknown
situations (Hofstede, 2001). High-UA cultures tend
to suppress ambiguity, whereas low-UA cultures
are more tolerant of exploratory thinking. If our
metrics capture information-seeking questioning,
we predict that: (a) rhetorical devices and lexical
ambiguity should correlate negatively with UA;
and (b) open-endedness may behave differently,
depending on whether high-UA cultures employ
explicit interrogative framing as a strategy for re-
solving uncertainty. Furthermore, we examine
directional consistency with psychometric scores
from Bluemke et al. (2024).



F.1 Hofstede Uncertainty Avoidance
Correlation

We obtained published UA scores for all 18 coun-
tries from Hofstede (2001) and correlated them
with per-country mean human linguistic scores
computed from the Yahoo! Answers dataset. Ta-
ble 12 lists the country-level values sorted by UA.

Correlation results using Spearman’s p and
Kendall’s 7 are shown in Table 13.

Rhetorical devices. The strongest result is the
significant negative correlation between UA and
rhetorical device use (p = —0.521, p = 0.027).
High-UA countries such as Argentina (UA=86) and
France (UA=86) show fewer rhetorical markers
than low-UA countries such as Singapore (UA=S8)
and Australia (UA=51). Because rhetorical devices
capture expressive and stylistically elaborate ques-
tioning patterns, this alignment supports the inter-
pretation that these markers reflect information-
seeking expression.

Ambiguity. Ambiguity trends in the predicted
negative direction (p = —0.139) but is not statisti-
cally significant. The relatively narrow variance of
lexical ambiguity across countries limits statistical
power, suggesting potential for future research.

Open-endedness. Open-endedness shows a
marginal positive correlation with UA (p = 0.456,
p = 0.057). This suggests that high-UA cultures
may use explicit interrogative framing as a
strategy for resolving uncertainty rather than as an
expression of open-ended exploration.

Cohesion. Cohesion does not show a significant
correlation with UA. This is expected, as cohe-
sion measures structural coherence within ques-
tions rather than exploratory or uncertainty-driven
inquiry.

F.2 Directional Validity using Intellectual
Curiosity Scale

Bluemke et al. (2024) validated a six-item Intel-
lectual Curiosity Scale (ICS) across six countries:
USA, Germany, France, Spain, Poland, and Japan.
Of these, three countries overlap with our Ya-
hoo dataset (USA, Germany, France). With only
three overlapping countries, statistical testing is not
meaningful. However, we perform a directional
comparison: Germany has the lowest ICS score
among the three (A = —0.27 relative to USA) and

also exhibits higher mean human—LLLLM linguis-
tic distance than both France and the USA in our
dataset (Fig. 4 in main paper). This directional
alignment suggests that populations with lower
psychometric curiosity scores also deviate more
strongly from LLM-generated questioning patterns.
We emphasize that this observation is only direc-
tional and should not be interpreted as statistical
evidence.

F.3 Summary

Table 14 summarizes the construct validity evi-
dence across the two external benchmarks. Taken
together, the above analyses suggest that IQUEST s
linguistic metrics function as behavioral proxies for
information-seeking question-asking while captur-
ing different aspects of the broader information-
seeking construct.

G Performance Differences between
LLaMA and GPT

Using our IQUEST framework, we find that
LLaMA-3 variants, specifically LLaMA-3-8b, con-
sistently align most closely with humans, while
GPT-5 is often the farthest. LLaMA-3-8b’s better
performance could be due to several reasons: (1)
more diverse training data and better quality data
in LLaMA models (we are not aware of the pre-
training data in OpenAl models), and (2) Smaller
models usually have less aggressive Reinforcement
Learning from Human Feedback. Larger models
tend to undergo more RLHF and safety tuning,
which can “sanitize” outputs toward generic, ex-
plicit and Western-normative language.

Some previous studies show that smaller models
are able to better emulate human behavior. For ex-
ample, recent studies have shown that larger mod-
els with extensive RLHF tend to produce overly
“safe”, norm-abiding or Western-centric in their
tone and content. For example, when asked moral
questions across cultures, GPT-based models con-
sistently reflect Western liberal norms, whereas
smaller open source models give a wider variety
of answers, more similar to what humans might
say (Arora et al., 2022; Aksoy, 2025). Addition-
ally, (Lin et al., 2021) found that larger models
are less truthful, achieving only 58% truthfulness,
whereas humans answered 94% of those questions
correctly on average. Furthermore, smaller model
variants are known to show more human-like in-
tuitive behavior than the larger GPT variants (Ha-



Country UA  Ambiguity Open-Ended Rhetorical Dev. Cohesion
Singapore 8 0.0293 0.739 2478 0.145
China 30 0.0251 0.756 2.400 0.167
Vietnam 30 0.0235 0.694 2.369 0.169
UK 35 0.0227 0.750 2.356 0.138
India 40 0.0191 0.706 2.269 0.155
Philippines 44 0.0208 0.727 2.447 0.147
USA 46 0.0230 0.720 2.255 0.116
Canada 48 0.0236 0.727 2.342 0.165
Indonesia 48 0.0240 0.756 2.375 0.167
Australia 51 0.0261 0.765 2.488 0.146
Thailand 64 0.0222 0.708 2.298 0.160
Germany 65 0.0268 0.826 2.117 0.145
Taiwan 69 0.0211 0.720 2.168 0.182
Ttaly 75 0.0225 0.788 2.325 0.168
Brazil 76 0.0203 0.700 2.350 0.160
Mexico 82 0.0283 0.831 2.319 0.164
Argentina 86 0.0238 0.765 2.072 0.153
France 86 0.0211 0.827 2.356 0.165

Table 12: Per-country Hofstede UA scores and human linguistic metric means from IQUEST. Countries sorted by

UA (ascending).
Metric p p T p(7)
Rhetorical Devices  -0.521  0.027**  -0.356  0.040**
Ambiguity -0.139 0.584 -0.079 0.649
Open-Endedness 0.456  0.047%*  0.321 0.068"

Table 13: Correlation between Hofstede UA and human
linguistic scores (n = 18). ** p < 0.05

gendorff et al., 2023; Zhou et al., 2024). These
findings highlight that larger models often capture
a narrower range of human cultural diversity, rein-
forcing our earlier observations.

We perform some additional experiments on cul-
tural benchmarks to further investigate the differ-
ences between LLaMA-3-8b (best performing) and
GPT-5 (worst performing), and provide support for
our previous findings.

Datasets We use two benchmarks: (1) Nor-
mAD (Rao et al.,, 2025) and (2) Cultural-
Bench (Chiu et al., 2024).

NorMAD is a benchmark of culturally grounded
social norms spanning 75 countries, designed to
test whether models can judge if a short scenario is
socially acceptable. We evaluate it in two settings:
(1) country: when the model is explicitly provided
with cultural context (country information), and
(2) no-country: when no cultural context is given.
We also only use the examples that contain either
‘yes’ or ‘no’ acceptability, and ignore the ‘neutral’
examples.

CulturalBench contains human-written and
human-verified questions covering 45 global re-
gions, aimed at assessing a model’s cultural knowl-

edge. Each scenario specifies a country and
presents four multiple-choice options, from which
the model must select one. Unlike NorMAD, Cul-
turalBench does not have a no-country variant,
since the country information is always included
in the prompt. For this benchmark, we utilize the
Hard subset for comparing models. Fig 12 shows
examples of the above benchmarks. We experiment
with our closest to human model (LLaMA-3-8b) and
farthest model (GPT-5).

Table 15 shows the model performances (com-
puting accuracies against the gold label) for both
benchmarks, and we find that LLaMA-3-8b per-
forms better and has higher accuracies in all set-
tings. This is in line with our previous findings
and existing studies, which suggest that larger mod-
els may flatten cultural differences and be more
biased/stereotyped (Lin et al., 2021; Borah and Mi-
halcea, 2024; Aksoy, 2025). In addition, adding
country helps LLaMA-3-8b performance, but re-
duces in GPT-5. This can be due to: culturally
heterogeneous models (like LLaMA, trained on
diverse text) respond well to country cues, leverag-
ing cultural norms for grounding (Nyandwi et al.,
2025). However, heavily instruction-tuned models
optimize for Westernized defaults, may become
less responsive to explicit cultural prompts — the
models will generalize and may lose sensitivity to
localized cues.



Source Result

Interpretation

Hofstede UA x Rhetorical
Hofstede UA x Ambiguity
Hofstede UA x OE
ICS (Bluemke et al.)

p = —0.521, p = 0.027
p = —0.139, n.s.

p = 0.456, p = 0.057
Directional check

Significant negative

Trend in predicted direction
Positive; closure-seeking
Lower ICS — larger deviation

Table 14: Summary of construct validity evidence.

NormAD:

Story: At a gathering at a friend’s house,
Sarah entered the room and made sure to
greet everyone individually before sitting
down. Is what Sarah did socially accept-
able?

Country: Egypt

Gold Label: yes

CulturalBench:

Question: In the Netherlands, which of
the following is an unusual common pub-
lic practice?

Option A: Cycle everywhere

Option B: Using deodorant

Option C: Tipping generously

Option D: Talking loudly on the phone
Correct: C

Cultural Common Sense:

prompt: Choose the best option to fill in
the blank in the following sentence: It is
<mask> in Iran for adults to live with their
parents.

Options: rare, common

Answer: rare

Figure 12: Benchmark Examples - (1) NormAD and (2)
CulturalBench and (3) Cultural Commonsense

H Fine-tuning for Human-LLM
alignment

H.1 Behavioral Alignment Analysis of
Fine-tuned Models

To further analyze the behavioral impact of fine-
tuning, we measure the distance between model
outputs and human linguistic metrics for the three
countries used in training (Brazil, UK, and Philip-
pines). For each metric m, we compute the mean
absolute distance:

Dataset Model no-country country

NormAD GPT-5 59.19% 53.74%

LLaMA-3-8b 63.20% 70.48 %

CulturalBench  GPT-5 NA 48.25%

-Hard LLaMA-3-8b NA 64.71%
Table 15: Model Performances on NormAD and

CulturalBench-Hard
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Figure 13: Fine-tuning (full/adapter) results: y-axis
shows the delta between model and human scores, while
the x-axis covers different evaluation metrics, averaged
across countries. +ve/-ve scores mean model scores are
higher/lower than humans. Fine-tuning (full and adapter-
based) makes models’ scores closer to humans, with
adapters mostly improving rhetorical devices and open-
ended questions, and full fine-tune improving cohesion
scores.



Mode Source Country  Obj Spearman Kendall
Type
adapter  reddit all 0.4324  0.3089
adapter  yahoo-reddit all 0.3240  0.2700
prompt - specific - 0.2557  0.1786
adapter  reddit specific 0.2256 0.1524
fullft yahoo specific obj1 0.0959  0.0968
adapter  yahoo specific objl 0.0853 0.0333
fullft yahoo specific 0.0655  0.0500
fullft yahoo-reddit specific 0.0620  0.0556
fullft reddit specific -0.0258  -0.0065
adapter  yahoo-reddit specific objl -0.0509  -0.0049
adapter  reddit all obj1 -0.0704  -0.0427
adapter  reddit specific objl -0.0769  -0.0286
fullft reddit all -0.0864  -0.0423
fullft reddit specific objl -0.1153  -0.0650
adapter  yahoo-reddit specific -0.1482  -0.0910
adapter  yahoo all -0.2005 -0.1524
adapter  yahoo all objl -0.2069  -0.1667
fullft yahoo-reddit all -0.2176  -0.1250
adapter  yahoo specific -0.2319  -0.1883
fullft yahoo all objl -0.2637  -0.2611
adapter  yahoo-reddit all objl -0.2912  -0.2278
fullft reddit all objl -0.3333  -0.3333
fullft yahoo all -0.3608  -0.2389
fullft yahoo-reddit specific objl -0.4108  -0.3778
fullft yahoo-reddit all objl -0.5000  -0.4603

Table 16: Topic preference analysis: Correlation between model and human topic rankings using Spearman and
Kendall coefficients, across different fine-tuning configurations — mode (adapter vs fullft vs prompt-based); source
(reddit vs yahoo vs yahoo-reddit); country-type (country-specific vs country-all) and objectives (objl vs ).

N

dm = X7 Z |xmodel,i - xhuman,i’ (8)
=1

where 7 indexes countries and N is the number of
countries considered. Lower values indicate closer
alignment with human question-asking patterns.

Table 17 reports the results. Fine-tuning reduces
distance to the human baseline for three of the four
linguistic metrics: semantic ambiguity (—73.2%),
rhetorical device usage (—57.4%), and open-ended
question rate (—55.8%). Cohesion scores increase
in distance, suggesting that discourse structuring
properties may shift differently under fine-tuning.
Averaging across all metrics and countries, the
macro-distance decreases from 0.256 to 0.146, cor-
responding to a 42.8% reduction in overall human—
model divergence.

Finally, we measure agreement across the four
linguistic metrics using Kendall’s coefficient of
concordance (W). Concordance increases from
0.19 in the baseline model to 0.56 after fine-tuning,
indicating stronger agreement among behavioral
signals following training.

H.2 Objl vs Obj2 Explanation

We use two objectives: (1) objl: train models to
generate questions given instruction: “Write one
question that could come from a person belong-
ing to <x>; and (2) obj2: augment each dataset
question with a preceding conversational statement
generated by GPT-4o0 (e.g., for a question: “Which
book was the spag yeti in?”, GPT-40 generates a
preceding conversation: “I was reminiscing about
those quirky children’s books we used to read to
our daughter...”). The format template used for
data generation for obj2 is provided in Fig 14.
Obj2 prepares the model to learn conversational
information-seeking, thus later showing superior
performances in both cultural and inherent evalua-
tion.

H.3 Linguistic Analysis Results

Fig 13 shows the delta (model - humans) for each
method averaged across countries. We show com-
parisons of training objectives (objl/obj2), data
used (reddit/yahoo/both yahooreddit) and country
settings (country-all/country-specific) for adapter-
based, full-finetuned and prompt-based methods.

Country-wise analysis. Fig 13 shows the
country-wise linguistic results (averaged across



Metric Baseline Dist. FT Dist. Reduction
Semantic Ambiguity 0.0103 0.0028 —73.2%
Rhetorical Devices 0.6547 0.2789 —-57.4%
Open-ended Questions 0.2269 0.1002 —55.8%
Cohesion Score 0.1310 0.2029 +54.9%
Macro-average 0.256 0.146 —42.8%

Table 17: Behavioral alignment of baseline and fine-tuned models with human linguistic metrics. Distances represent
MAD averaged across the three countries used for fine-tuning (Brazil, UK, Philippines). Lower values indicate

closer alignment with human question patterns.

metrics) per country. We report the best model
(reddit-adapter-obj2-country-specific
here. Brazil has the best performance (adapter
model scores is almost equal to humans), fol-
lowed by the UK and the Philippines. We see
improvements across all countries, showing the
effectiveness of our fine-tuning strategies.

H.4 Topic Preference Analysis Results

Table 16 shows the model-human correlation re-
sults across different 25 configs. settings (including
prompt-based) - ranked from closest to farthest to
humans. We observe that only two fine-tuned con-
figurations do better than the simple prompt-based
methods we used earlier. The top configuration
reaches a moderate correlation, highlighting oppor-
tunities for further research.

Topic preference analysis shows that only
obj2+reddit+country_all (0.43/0.31) and
obj2+yahooreddit+country_all  (0.32/0.27)
exceed the prompt baseline (0.26/0.19), leading
to closer (Spearman/Kendall) correlation with
human preferences. Results are averaged across
three countries, with no notable differences
between country-specific and country-all training.
These trends are similar linguistic analysis, with
Reddit-adapter-obj2-trained models performing
the best. Linguistic analysis benefits substantially
more from fine-tuning than topic preference
analysis.

H.5 Dataset for Inherent Evaluation

We build a small handheld dataset that naturally
invites followups - 40 statements of normal (non-
cultural) statements and 30 statements of cultural
statements. Specifically, we focus on the following
types of statements:

1. Under-specified / ambiguous: statements
that invite clarification. For example, “Maria
refused to shake hands at the event”,

can invoke information-seeking: “Where did
this happen?”

2. Incomplete / open-ended: statements that
feel unfinished that can invoke information-
seeking.  For example, “The teacher
suddenly stopped talking in the
middle of the lecture.”, caninvite a ques-
tion: “and then what?”

3. Surprising / counterintuitive: These vi-
olate expectations or common knowledge,
for example: “Water can boil at room
temperature.”. A natural follow-up can be:
“how is that possible?”

Table 19 and 20 show the data of non-cultural and
cultural statements, respectively, that are used for
inherent evaluation.

H.6 Inherent Evaluation metrics

We use the following metrics for determining in-
herent evaluation:

1. Question-Asking Rate: Each annotator an-
notates if the model asks at least one
information-seeking question. For exam-
ple, given a statement: “Football matches
in Brazil usually come with unique
social rituals.”, a reply like: “What
are some of the most popular
traditions in Brazilian football?”
is an information-seeking question. How-
ever, another response: “I’m intrigued
by the vibrant cultural practices
surrounding football in Brazil, where
fans often engage in chanting,
singing, and dancing to create a
lively atmosphere before and during
matches. These rituals not only
showcase the country’s rich musical
heritage but also serve as a way for
fans to bond and express their passion



You are a culturally aware assistant from
country.

Given the question: question, generate a
short conversational-style statement that
someone might say, which could naturally
lead another person to ask this question in
the cultural context of country.

Do not answer the question — only provide
the preceding statement.

Examples:

Country: Germany

Question: “Is it acceptable to arrive 10
minutes late to a dinner party?”

Statement: “I’m thinking of showing up a
bit after the dinner party starts.”

Country: Egypt

Question: “Is it polite to greet everyone
individually at a gathering?”

Statement: “Whenever I walk into a room, I
like to greet each person one by one.”

Now generate the statement (in English)
for:

Country: country

Question: question

Statement:

Figure 14: Obj2 data generation

for the sport.” isinformation-sharing, not
information-seeking.

2. Relevance: Relevance is determined by the
relevance of the LLM response. For the above
example, both responses are relevant to the
statement. However, a non-relevant response
would be: “How are you doing today?”.
However, it’s important to note that relevance
is inherently subjective and can vary across
annotators.

H.7 Inherent Annotation Framework

Fig. 16 shows the annotation framework we utilize
for inherent evaluation (LLM’s question-asking
ability). We recruit two volunteers from a col-
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Figure 15: Country-wise analysis (inducing
informationg-seeking) - here we compare the
performance of the best fine-tuned model to human
baseline and find it is much closer than the non-fine-
tuned model.

For example:

Statement: Maria refused to shake
hands at the event.

LLM response: Why did she refuse?
(to annotate)

Question: 1

Relevance: 1

Figure 16: Annotation Framework used for inherent
evaluation

lege campus for the study.’ Each annotator labels
40 non-cultural and 30 cultural statements, eval-
uated against 3 models (adapter, full ft, and non
ft), with 2 responses per model, resulting in a total
of (40 + 30)32 = 240 annotations. They exam-
ine whether each response contains a question and
whether it is relevant to the given statement.

We acknowledge that ‘relevance’ is subjective,
but we intentionally keep it subjective to capture
annotators’ individual judgments. Future work can
further work on creating explicit criteria for rele-
vance.

H.8 No-Country Cultural Statements -
Results

In addition to 30 cultural statements, we design cor-
responding no country statements. For example, a
country-specific statement like, “Gift-giving in

°Our task is designed to be understandable to non-experts
and is objective, therefore we do not require experts



the Philippines follows unspoken cultural
rules.”, a no-country counterpart is “Gift-giving
follows unspoken cultural rules.” We then annotate
model responses for information-seeking questions
and relevance to assess how not mentioning a coun-
try influences question-asking behavior.

We find that adapter-based models show the
most information-seeking, asking the most rele-
vant questions (29/30 times, even more than when
country information is provided - 27/30). This
is expected, as removing the country information
increases the ambiguity of the statement. For
example, a statement like “Hospitality takes
forms not common elsewhere.”, when country
information Philippines is provided, the adapter
model responds: “Another aspect of Pinoy
culture that fascinates me is the concept
of ‘amor-proper’ or ‘love’. In some
ways, it’s similar to the concept of
family where you can choose your own
family. But in the Philippines, it’s
not just about the bloodline, it’s also
about the affection and care you give to
people. That’s why even strangers can be
“kaibigan” or friends.”, but when the coun-
try is not provided, the model responds: “What
is something that you think is unique to
your culture in terms of hospitality?”.
In addition, full-fine-tuned still shows similar pat-
terns as before, only sometimes responding: “I am
intrigued by...”. These experiments show the use-
fulness of the adapter-based fine-tuning to induce
inherent information-seeking in models.

H.9 Fine-tuning Results Implications

Behavioral vs. psychological curiosity. Our
fine-tuning results are behavioral and not psy-
chological. We do not claim models “experi-
ence” information-seeking internally (Bender et al.,
2021). After fine-tuning, we observe output pat-
terns that function like curiosity expressions —
inviting exploration, reducing information gaps,
and reflecting cultural context — consistent with
how information-seeking is operationalized in hu-
man behavioral research (Berlyne, 1957; Graesser
and Person, 1994).

Generalizable lessons. Three lessons transfer be-
yond our specific datasets and countries. First,
adapter-based fine-tuning outperforms full fine-
tuning, suggesting information-seeking question-
ing is best induced by augmenting rather than over-

writing base model priors. Second, conversational
scaffolding (obj2) outperforms direct instruction
(objl), consistent with how information-seeking is
acquired through contextually grounded examples
in human learning (Engel, 2011). Third, the asym-
metric metric improvements — strong gains on
ambiguity, rhetorical devices, and open-endedness
but increased distance on cohesion — suggest dif-
ferent aspects of information-seeking questioning
respond differently to fine-tuning, pointing to the
need for multi-objective training in future work.

Internal consistency. The increase in Kendall’s
W from 0.19 to 0.56 indicates fine-tuning produces
more internally consistent information-seeking be-
havior overall, suggesting the model learns a co-
herent questioning style rather than optimizing iso-
lated surface features.

I Downstream Impacts of
information-seeking in LLMs

We extend evaluation to three cross-cultural bench-
marks: (1) NormAd (Rao et al., 2025), which con-
tains culturally-grounded social situations across
75 countries and tests models’ judgments of social
acceptability (we restrict to binary cases (accept-
able vs. not acceptable) and exclude neutral items);
(2) CulturalBench (Chiu et al., 2024), a set of 1,227
human-verified questions from 45 regions across
topics like cuisine, etiquette, local customs, etc.
to probe nuanced cultural understanding (we use
the Hard data subset); and (3) Cultural Common-
sense (Shen et al., 2024), containing data from
5 countries which tests models’ ability to reason
about culturally specific everyday inferences (we
use the English fill-in-the-blanks subset on country-
specific customs). All the above datasets capture
complementary aspects of cultural adaptability. We
input country information in the prompt for infer-
ence. We share examples of datasets in Fig 12.
We employ two methods to elicit information-
seeking question-asking behaviors in LLMs: (1)
prompt-ask: we ask models to generate follow-
up questions given the statement/story and an-
swer them themselves before deciding on the an-
swer. (2) ft + prompt-ask: we use the adapter-
finetuned model (reddit-obj2-countryall) to gener-
ate follow-ups/clarification and switch to the base
model to answer them and deciding on the an-
swer. Here, we also present additional results: (3)
ft-specific+prompt-ask: models are now fine-
tuned on specific datasets. GPT-4o is first used to



generate follow-up questions, which then serve as
training data for adapter-based fine-tuning on each
story or statement.

CONDITION NA CB CS
non-information- 70.48% 64.71%  48.48%
seeking

information-seeking  72.09%  67.64%  49.64%
(prompt-ask)

information-seeking ~ 71.06% 68.21% 56.16%
(ft+prompt-ask)

information-seeking 78.8%  68.1% 57.16%

(ft-specific+prompt)

Table 18: Downstream tasks (% acc): NormAd (NA),
CulturalBench (CB), and Cultural Common-Sense (CS)
- information-seeking models have higher acc.

Table 18 shows the results of the above for down-
stream tasks. As discussed previously, information-
seeking-induced models perform better than non-
information-seeking models, showing the impor-
tance of information-seeking in cultural adaptabil-
ity of LLMs. We find that models fine-tuned on
specific datasets perform better overall — signifi-
cantly so on NormAd — but not on CulturalBench.
Overall, adapter-fine-tuned models help improve
performance across all cultural-adaptability bench-
marks.

Together, these tasks demonstrate why
information-seeking is critical: instead of de-
faulting to Western assumptions, a model with
culture-aware information-seeking would clarify or
ask follow-up questions to better interpret contexts.

I.1 Choice of Downstream Evaluation
Benchmarks

The three benchmarks we use capture three com-
plementary aspects of cultural adaptability where
information-seeking-driven questioning is most
consequential: judging social acceptability requires
sensitivity to implicit cultural norms; cultural
knowledge probes require moving beyond West-
ern defaults and commonsense inference requires
contextual reasoning rather than pattern match-
ing. Together, these benchmarks provide a con-
trolled, human-verified setting to isolate the effect
of information-seeking on cultural reasoning across
structurally different task types and hence reduc-
ing the risk of benchmark-specific artifacts. Such
evaluations could also help test whether culturally
appropriate follow-up questions improve perceived
familiarity and sustained engagement during inter-
actions. Our results show consistent gains across

all three benchmarks. These findings strengthen
the generalizability of our findings beyond any sin-
gle task, as the benchmarks have different formats
and cultural coverages.

Future evaluation directions. In the future, com-
plementary evaluation settings could further es-
tablish the practical value of information-seeking-
aligned LLMs. First, interactive dialogue evalu-
ations measuring user satisfaction and task com-
pletion would directly test whether information-
seeking-driven questioning improves real-world
interaction quality (Ganuthula, 2024). Second,
education-focused benchmarks such as measur-
ing student engagement or learning outcomes in
LLM-assisted tutoring (Wang et al., 2024) would
test information-seeking’s value in high-stakes
pedagogical contexts (Lindholm, 2018; Markey
and Loewenstein, 2014). Third, healthcare dia-
logue benchmarks (Wang et al., 2025) could assess
whether information-seeking-prompted clarifica-
tion reduces miscommunication in clinical interac-
tions. Fourth, extending evaluation to multilingual
settings and recently proposed culturally grounded
benchmarks (Borah et al., 2025a; Nyandwi et al.,
2025) would be important to evaluate. Finally,
multi-agent settings where information-seeking-
aligned LLMs interact with culturally diverse
users (Bai et al., 2025) is also a promising direc-
tion to study information-seeking propagation and
collaborative cultural understanding.

1.2 Prompt used for Downstream Tasks

Fig 17 shows the prompt utilized to induce ques-
tion asking behavior in LLMs. We prompt mod-
els to ask questions and answer them themselves
(inspired by Press et al. (2022)). Note that this
template may vary depending on the benchmark
used for inference (the figure shows an example of
CulturalBench).

1.3 Qualitative Analysis of Follow-up
Questions

We compare the NormAd questions (for prompt-
ask vs adapter+prompt-ask models). Here are some
high level takeways:

In terms of question types and intents, Adapter
follow-ups consist of a lot of yes/no norm checks:
for example, “is it rude to...?”, “ is it accept-
able..?”. Prompt-based follow-ups are more ex-
planatory probes — “How do norms in <country>
treat...?” This may explain the stronger perfor-



Prompt-Ask for Downstream Tasks:
f"You are answering a question about cul-
tural norms and social behavior.

question

options

You may write at most 2 brief follow-up
questions and 2 brief self-answers as scratch
notes.

Put every scratch note on its own line, start-
ing with ©

Decide the correct option strictly from
ONLY the listed Options.

Please respond with only the letter of your
answer (A, B, C, or D). Do not include any
explanation or additional text.

Answer:

Figure 17: Prompt-Ask framework for downstream
tasks - inducing information-seeking

mance of adapter-based models: they tend to ask
more explicit and direct questions, improving con-
textual reasoning and cultural adaptability. Cultural
grounding is more apparent in prompt-based fol-
lowups, like “In <country>, is ___interpreted as __
7 ” Howeyver, adapter follow-ups are more implicit.
This maybe because these models are currently
only trained in 3 countries, which are not present in
the benchmarks we use for inference. In the future,
we should focus on increasing the cultural ground-
ing of fine-tuned models. Additionally, adapter
models use more moralizing/judgment verbs (rude,
bad manners, better host). While prompt-based
methods use more interpretive verbs (suggest, in-
dicate, align, conflict) that invite nuance. Finally,
prompt-based methods ask more open-ended ques-
tions overall, however, they sometimes over-fit cul-
ture (presume norms, and use leading questions).

In the future, both methods can be improved: for
adapter-based models, adding a light prompt scaf-
fold that encourages why/how follow-ups and ex-
amples could enhance reasoning depth; for prompt-
based models, introducing constraints to avoid pre-
suppositions may lead to more precise and cultur-
ally grounded questions.

J Significance Tests Across Experiments

Linguistic Alignment. Humans show larger dis-
persion across countries than LLMs (SD = 0.0785

vs. 0.029; reported F = 7.33), indicating signifi-
cantly greater variance in human linguistic styles
(very large N; variance ratio well above 1).

Topic preference Alignment. LLaMA-3-8B shows
the only positive average correlation with human
topic rankings, other models are near-zero or nega-
tive. We find p = 0.043 significant; whereas nega-
tive values (e.g., GPT-40 =0.29) are also small in
magnitude (Itl < 1.2).

Inducing information-seeking (inherent
information-seeking) Using 70 statements -
adapter-FT asks questions on 75% of prompts
vs. 20% for full-FT and 0% for prompt-only;
relevance is 98-100% for all. Two-proportion tests
with n = 70 per model show adapter vs. full-FT is
highly significant (z = 6.5, p < 10™), and adapter
vs. prompt-only is modestly decisive.

K Model Choices, Implementation
Details and Computational Resources

For our experiments, we selected a mix of
open- and closed-source models to examine cul-
tural information-seeking across different archi-
tectures and training paradigms. Specifically,
we used LLaMA-3-8B (Dubey et al., 2024) for
both prompt-based and fine-tuning experiments,
focusing primarily on the smaller model due
to its strong alignment with human data and
lower computational overhead. We addition-
ally evaluated GPT-40 (Achiam et al., 2023),
GPT-5,10 LLaMA-3-70B, Claude-Sonnet-4,!! and
Qwen-3-14B (Yang et al., 2025) to provide a
broader comparison across model families. For
fine-tuning, we applied LoRA adapters and full-
fine-tuning to LLaMA-3-8B under different data con-
figurations (e.g., country-specific vs. country-all,
Yahoo vs. Reddit), using culture-aware and inher-
ent curiosity objectives.

All experiments were run on NVIDIA A40
GPUs, using the Hugging Face Transformers and
PEFT libraries. Fine-tuning followed standard hy-
perparameters, with a maximum sequence length
of 1024 tokens and a fixed random seed for repro-
ducibility. Adapter training was also chosen as they
are more efficient, allowing rapid experimentation
across multiple cultural configurations. In our ex-
periments, we also find that adapter-based models
do quite well in human-LLM information-seeking
alignment.

"https://openai.com/index/introducing-gpt-5/
"https://www.anthropic.com/news/claude-4



L Reproducibility

We open-source our codes and data, which are up-
loaded to the submission system. This would help
future work to reproduce our results and explore
culture-aware information-seeking in humans and
LLMs, and its impact in downstream tasks.



Table 19: Dataset of Everyday Statements for Inherent information-seeking Evaluation

Category

Statements

Everyday Life

Alex arrived late to the meeting.

Someone brought a gift to dinner without wrapping it.

Sarah decided to sit at the back of the classroom.

The teacher suddenly stopped talking in the middle of the lecture.
Two friends started whispering during the movie.

Social
Situations

Maria refused to shake hands at the event.

A guest walked straight into the kitchen at someone’s house.
John didn’t respond when greeted by a colleague.

A person started eating dessert before the main course.
Someone left the party without saying goodbye.

Work & School

The boss canceled the meeting at the last minute.
Students stood up when the professor entered the room.
A worker refused to answer emails after 5 p.m.

A student called their teacher by a nickname.
Employees were chatting loudly in the office.

Ethics &
Morality

A child lied to their parents about homework.

A man kept extra change the cashier accidentally gave him.
Someone ignored a homeless person asking for help.

A person secretly recorded a private conversation.

A passenger refused to give up a seat to an elderly person.

Science &
Facts

Water can boil at room temperature.

Dinosaurs and humans lived at the same time.

The sun could suddenly stop shining tomorrow.
Some people believe time travel is possible.

There are animals that can survive without oxygen.

Technology &
Future

An Al refused to answer a user’s question.

A robot was programmed to laugh randomly.
Someone trusted a self-driving car to take them home.
A drone delivered a package late at night.

People started wearing VR headsets in public.

Abstract /
Paradoxical

This statement is false.

A ship has had every part replaced — is it still the same ship?

A person knows a secret that no one else can ever know.

If a tree falls in a forest and no one hears it, does it make a sound?
Someone dreamed they were awake.

Random /
Surprising

A stranger gave a child candy on the street.
People clapped after a plane landed.

A friend borrowed money and never returned it.
Someone talked to their plants every morning.
A cat suddenly barked like a dog.




Table 20: Dataset of Cultural Statements (Country-wise) for Inherent Evaluation

Category

Statements

Brazil

In Brazil, it is common for friends to greet each other with physical gestures.

Brazilian families often spend weekends together in a particular way.

Football matches in Brazil usually come with unique social rituals.

In Brazil, people tend to treat teachers in a distinctive manner.

A wedding in Brazil usually involves traditions beyond the ceremony.

Brazilians often approach mealtimes differently from other cultures.

A Brazilian student is expected to interact with professors in a certain way.

During Carnival in Brazil, certain behaviors are widely accepted that might not be elsewhere.
In Brazil, people have specific expectations about lateness.

Many Brazilian workplaces begin the day in a particular way.

Philippines

In the Philippines, community celebrations often include unique practices.
Filipino families are expected to behave in certain ways during holidays.
Respect toward elders in the Philippines is shown through specific gestures.
Filipino classrooms often encourage behaviors different from Western norms.
Religious festivals in the Philippines are tied to specific community practices.
Neighbors in the Philippines usually interact in ways that reflect local values.
Filipino weddings often extend beyond the couple and include wider groups.
Hospitality in the Philippines takes forms not common elsewhere.

Gift-giving in the Philippines follows unspoken cultural rules.

Daily greetings in Filipino households involve rituals outsiders may overlook.

UK

In the UK, politeness takes a form that is not always obvious to outsiders.
British families have unique expectations during Sunday gatherings.

In UK workplaces, meetings often begin with a particular social convention.
British weddings typically follow certain cultural patterns.

Pubs in the UK play a social role that extends beyond drinking.

In the UK, silence in conversations can mean something specific.

British classrooms have norms that might surprise people from other cultures.
Greetings in the UK are often understated in a characteristic way.

British people have particular unwritten rules about queuing.

Public discussions of politics in the UK follow a distinctive pattern.
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