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Abstract

Recent work has shown that LLMs overrepre-
sent dominant cultures, particularly Western
ones, while marginalizing others. We inves-
tigate whether this affects models’ ability to
generate culturally adapted responses by eval-
uating their use of local measurement units
based on the user’s perceived cultural back-
ground. We introduce Cultural and Pragmatic
Response Inference (CAPRI), a dataset of con-
versations with varying levels of cultural cues.
Experiments with state-of-the-art LLMs show
that models can infer cultural background and
recall relevant conventions, but often fail to
utilize the information to adapt their answers
to the relevant cultural conventions, unless ex-
plicitly prompted to perform the tasks sequen-
tially. We further evaluate adaptation to the in-
terpretation of time and quantity expressions —
two subjective language grounding dimensions
that are affected by culture. We find that mod-
els increasingly adapt their answers as cultural
cues accumulate, but their priors are not culture-
neutral, sometimes aligning with the model’s
country of origin. Overall, CAPRI provides a
resource for future research aimed at narrow-
ing the gap between cultural knowledge and
culturally adaptive language generation.

1 Introduction

Considerable research attention has been devoted
in recent years to the cultural competence of
LLMs, yielding consistent evidence that LLMs are
Western-centric or even US-centric (Hershcovich
et al., 2022; Cao et al., 2023; DURMUS et al.,
2024). Given their diverse user population, it is
imperative to develop LLMs that don’t overem-
phasize some cultures and marginalize others (Tao
et al., 2024). However, what exactly is desired
from LLMs is still debatable. One approach is to
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Figure 1: Formalization of CAPRI: the model should
infer the user’s background from cultural cues in the
conversation (BG; Task 1), and adapt its answer in line
with that background (VQA; Task 2).

personalize LLM outputs for a given user’s cul-
ture (Cao et al., 2024, 2025a). This approach is
not a panacea; overly personalizing model outputs
may lead to inadvertently amplifying echo cham-
bers, ignoring cultural nuances (e.g., for bicultural
individuals), overcorrecting user intents, and per-
petuating stereotypes (Kantharuban et al., 2025;
Liu et al., 2025b).

In this work, we focus on a relatively safe aspect
to personalize based on the user’s culture: units
of measurement, such as currency, distance, size,
and temperature. Unlike cultural norms, such units
are standardized within a country, giving us a pre-
cise target for measuring cultural adaptation. We
collect Cultural and Pragmatic Response Inference
(CAPRI), a dataset of conversations with varying
degrees of revelation about the user’s cultural back-
ground (Figure 1). We test whether LLMs can
explicitly infer the user’s cultural background (BG;
Task 1), and whether they implicitly reason about
the user’s background to adapt the answer to the
local units of measurement in the visual question
answering task (VQA; Task 2). Task 2 measures
whether LLMs act as a “pragmatic speaker” (Frank
and Goodman, 2012), tailoring answers to maxi-
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mize the user’s understanding.

Evaluation across four families of state-of-the-
art LLMs reveals a significant gap between the abil-
ity to infer the user’s background and the ability to
adapt answers accordingly. With 1-2 cultural cues,
models are almost perfect at identifying cultural
background, but they still fall short in adapting the
answer to the VQA task. Encouragingly, explicit
reasoning boosts the performance. When guided to
perform pragmatic reasoning step by step, LLMs
bridge the gap between the BG and VQA tasks.

We further test two other language grounding
dimensions that are more subjective but for which
prior research has shown cultural differences: time
expressions (e.g., morning and afternoon) and
quantity expressions (e.g., few and some). Our
evaluation reveals that LLMs to some extent adapt
their answers as more cultural cues accumulate;
however, models exhibit non-neutral cultural priors
that sometimes lean toward their country of origin.

Unlike prior work studying whether LLMs pos-
sess cultural knowledge (Mor-Lan et al., 2026),
CAPRI disentangles knowing a user’s culture from
acting on it. Our findings indicate that current
LLMs store the relevant cultural facts in isolation
but do not link them: a model can identify the user’s
background and recall a culture’s conventions, yet
does not combine the two when answering. We
release CAPRI to support future work on bridging
this gap between cultural knowledge and culturally
adapted generation.!

2 Dataset

The CAPRI dataset is designed to simulate LLMs’
dialogue with a user and test how the LLM adapts
the answer based on the perceived user’s culture.
Given a conversation history and a question, the
model needs to (1) infer the user’s background
from cues in the conversation, and (2) answer the
user’s question in a way that maximizes their un-
derstanding in a culturally specific way. We define
the task (§2.1), introduce the cultural variables in
our dataset (§2.2), and describe the dataset creation
and statistics (§2.3).

2.1 Task Definition

Inspired by the Rational Speech Act framework
(RSA; Frank and Goodman, 2012), we expect the
LLM to tailor its response to the user’s background
when doing so maximizes the communication effect.

"Available at https: //github.com/YisongMiao/CAPRI.

Note that we take RSA as an inspiration rather than
a precise implementation: we keep its premise that
the speaker should choose the utterance most in-
formative for the inferred listener, but remove the
recursive reasoning on the user’s end. For example,
when asked “what temperature should I set the oven
to?”, the model should generate either “40 °C” or
“104 °F” based on the perceived user culture from
the conversation history (Shwartz, 2025). Specifi-
cally, a model inspired by the “pragmatic speaker”
(Frank and Goodman, 2012) should perform two
tasks:

Task 1: Background Inference (BG).

P(BX) (1)

where B is the user’s cultural background and X
is the conversation history. We operationalize cul-
tural background as the country most aligned with
contextual cues in the conversation (§2.2). We ex-
pect LLMs to perform this task implicitly when
answering the user’s question.
Task 2: Visual Question Answering (VQA): P(y |
X, I) where y is the answer to a question about
an image I and X is the conversation history. We
ground the question in an image rather than a tex-
tual description to avoid biasing the model towards
a particular unit outside the deliberate cues in the
dialogue, leaving the culturally appropriate lexical
choice (e.g., “104 °F” vs “40 °C”) to the model.?
The models are instructed to answer in the [value]
[unit] format even when they are unsure of the
value, and we evaluate the correctness of the unit.
Ideally, when producing the question involves a
cultural aspect, the model should marginalize over
the user’s inferred background (P (B | X)):

P(y|X)=)Y Py|X,B)P(B|X) (©
B BG Task

Note that in our dataset, VQA is the main task,
and we do not explicitly prompt the model to infer
the user’s background but rather test its ability to
perform this inference implicitly. The prompt asks
for an answer suited to the user, but never names
the intermediate step of inferring their background
from cues; this unstated setup is what we call im-
plicit. The one exception is Pragmatic CoT (§3.3),

*This is not merely a question of avoiding using explicit
mentions of units in the question but rather more generally
using language that leaks cultural information; prior work
showed that the choice of English synonyms is indicative of a
speaker’s native language (Rabinovich et al., 2018).
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where we explicitly instruct the reasoning steps.
Task 1 is used as an auxiliary task where we explic-
itly ask the model to infer the user’s background
from the conversation to isolate the question “is the
model able to infer the user’s culture?” from “is it
using this information to personalize the answer?”.

2.2 Cultural Variables

Cultures. We treat countries as proxies for cul-
tures, as in commonly done in the NLP literature
(Wang et al., 2024; Liu et al., 2025a). We selected
ten countries from diverse regions: Brazil, China,
France, India, Iran, Israel, Japan, South Korea, UK,
and US.

Language Grounding Dimensions. The main
subset of the dataset focuses on measurement units
for temperature, distance, speed, size, and price (i.e.
currency). These units are standardized and fixed
within a country, thus for instances asking about
these dimensions we collected a gold standard an-
swer. For example, for the image in Figure 2, the
answer should be “104 °F” for an American user
and “40 °C” for a French user.

We also evaluate models’ responses to questions
pertaining to temporal expressions and quantifiers.
While prior work showed that there are cultural
differences in the grounding of these dimensions
(Stateva et al., 2019; Shwartz, 2022), they are more
subjective and context-dependent in nature, and ex-
hibit individual differences. We thus do not enforce
a “correct” answer for these questions but rather
analyze how models’ answer changes based on the
inferred cultural background.

Cultural Cues. The conversations in our dataset
have six variations with different cue strength for
the user’s background. As shown in Fig. 2, cue
strength increases from NULL (bottom one) to EX-
PLICITFULL (top one).

1. No Cue: In this setup, we don’t provide any
cues about the user’s cultural background, so a
models’ tendency to answer in the context of a
particular culture could point to cultural biases in
the model. We create two types of conversations:
NULL provides no conversation history at all apart
from the user’s target question, whereas NEUTRAL
is a conversation in which all cues are neutralized
with culture-agnostic statements (e.g., “an online
platform”).?

SNEUTRAL here is relative: the conversation may inherit
cultural biases from the generation model (Gemini-2.5-Pro).
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Figure 2: A conversation scaffold across the six cue lev-
els, from no cultural information to explicit disclosure.

2. Implicit Cues: In this setting, the model must
infer the user’s background from the conversation
based on cues. For example, the model might infer
that a user is French if they mention buying a ther-
mometer at Fnac.com or using the phone number
format 01 23 45 67 89. To synthesize our conver-
sations, we use a skeleton with predefined slots for
inserting cultural cues. We create the following
variations: IMPLICITFULL is a conversation with
two cues. IMPLICITCUEI is truncated right after
the first cue appears: all subsequent utterances are
removed, and the user asks the question directly.
IMPLICITCUE?2 is truncated right after both cues
have appeared, before the conversation would nat-
urally end.

3. Explicit Cue. Finally, we provide an upper-
bound condition EXPLICITFULL, where the user
explicitly states their cultural background. Con-
cretely, we insert an “I am from [country]” phrase
into the first utterance of the NEUTRAL version.

2.3 Dataset Creation

Conversation Generation. For one conversation
scaffold, we have [concept] fixed, and alter [back-
ground] to generate IV sibling conversations. It is
done in two steps: Scaffold Preparation (Step 1)
For each image, we prepare three scaffolds (chit-
chat, information seeking, and customer support)
using Gemini-2.5-Pro (Appendix A.4). Each scaf-
fold is propagated to ten cultures. Scaffold Filling
(Step 2) We fill the [#cue] slots with names, enti-
ties, and systems specific to each culture. We obtain
them from online resources and have verified them



Dimension #Images # Scaffolds # Conv  Question Possible Answers
Objective ~_ Temperature 33 %990 Whatisthelemperature?  °C.°F
Concepts Distance 32 96 864  What is the distance? m, km, ft, mi, yd, ...
w/Ground - - - - - - - - - - - - - - - - - -~ - o - T T T T T T T T T
Truth (Typen) Speed 18 4 _ 340 Whatisthespeed?  _kmh, mph, ms, knots, ..
Size 24 72 648 What is the room size? m?, ft%,
Price 21 63 630 Whatis the price? USD, EUR, CNY, JPY, ...
Subjective e 24 72 720  Whattime is it? morning, noon, afternoon,
xpression evening, night
Concepts  _ _ ~ __ __ _ _ _ _ _ _ _ _ _ ___ e
w/o Ground . . . few, some, half
9 g , ,
Truth (Type 2) Quantifiers 20 60 600  What is the quantity? most, almost all
Total 172 516 4992

Table 1: Dataset statistics by concept, grouped by the two types of concepts w/ or w/o a ground truth answer.

with people from the respective countries.

Image Collection. We collect photographs from
Flickr under permissive licenses (‘“‘commercial use
& modifications allowed”), and complement them
with images generated by Google Imagen 4 and
Gemini-2.5-Flash-Image for concepts whose fine-
grained controlled properties (e.g. a specific room
size or distance) cannot be reliably sourced from
photographs. The conversation and final question
are both grounded in the image (VQA setup). We
manually inspect both photos and generated im-
ages, filtering out any with explicit text or strong
cultural signals.

Dataset Statistics. We have five Type 1 objective
concepts and two Type 2 subjective concepts. In to-
tal, we have 172 images (Table 1). Each image has
three scaffolds (chit-chat, information seeking, and
customer support), and each scaffold is expanded
into 10 cultures (9 for distance and size, since UK
is excluded due to its mixed metric/imperial use),
yielding 4,992 conversations in total (samples in
Appendix A.5).

Human Evaluation. We recruit human annota-
tors from Cloud Connect,* paying 15 USD per hour,
covering all ten countries in our dataset. To qualify,
annotators must have lived in the target country
for at least 5 years within the last 15, though most
currently reside in the US and UK. We ask each
annotator to role-play the chatbot and answer the
user’s question in line with the user’s culture (see
Appendix A.2); this verifies that our conversations
make sense and that the cues effectively hint at the
speaker’s cultural background. Note that we per-
form human evaluation only on the objective con-

*https://www.cloudresearch.com/

cepts, which have ground-truth answers; subjective
concepts have no ground truth by nature, so we do
not collect human annotations for them. Annota-
tors first go through a cultural priming step (Liu
et al., 2025b), answering simple questions about
celebrities from the target country to remind them
of their background, before receiving the annota-
tion instruction and performing the task. For exam-
ple, annotators should respond in °C if the cues hint
that the user is from France. To prevent them from
always responding the same way, we randomly in-
clude 20% conversations with cues for an American
user as a control. Across the five measurement-unit
concepts, annotators achieve over 85% on the eval-
uation group and average over 75% on the control
(full breakdown in Appendix A.3). These results
validate our setup: the conversations indeed make
sense, and the cues are salient enough to signal the
target cultures.

3 Do LLMs condition on culture when
predicting measurement units?

Do LLMs correctly infer and apply culturally spe-
cific measurement conventions based on user con-
text, rather than defaulting to a single global stan-
dard? We describe our experimental setup (§3.1)
and then address the following research questions:

* RQ1: How do models generally perform on ob-
jective concepts in CAPRI (§3.2)?

* RQ2: Does reasoning help the model become a
better pragmatic speaker (§3.3)?

* RQ3: How does performance scale with size
(§3.4)?

* RQ4: What are models’ prior cultural biases
(83.5)?
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Figure 4: RQ2: VQA performance under CoT reasoning. Both Plain CoT and Pragmatic CoT outperform direct
prediction significantly, with Pragmatic CoT giving the larger gain and producing deeper reasoning.
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Figure 3: RQ1: Direct-prediction performance on BG
(solid) vs. VQA (dashed): models show a significant
gap between the two tasks.

3.1 Experimental Setup

Evaluation Metrics. We use accuracy for both
the background inference and question answering
tasks. Since our task is generative, we use a regex
search to match the nationality (e.g., “France”) and
the desired unit (e.g., °C); see Appendix A.1.

Models. To manage cost, we evaluate a single
closed-source model, Gemini-3.1-Flash-Lite. This
model fits our purpose: it is designed for fast re-
sponses in daily conversation, while also support-
ing chain-of-thought reasoning (Wei et al., 2022).
We evaluate a broader set of open-source models,
spanning different organizations and countries of
origin: Qwen3-VL-8B and 32B, in both -Instruct
and -Thinking variants (Bai et al., 2025); Llama-
3.2-11B-Vision-Instruct (direct prediction only)
(Grattafiori et al., 2024); and Gemma-4 in sizes
E2B, E4B, and 31B, all of which support both di-
rect and thinking modes (Team et al., 2026) (details
in Appendix B.1).

Implementation Details. We employ a mini-
mal prompt: (1) for the primary VQA task, we
ask the models to role-play the chatbot and an-
swer the user’s question in line with their cul-
tural background; (2) for the background inference

task, we simply ask the models to infer the back-
ground (prompts detailed in Appendix B.3). We set
temperature=0 across all tasks for reproducibility.
All models are hosted on vLLM (Kwon et al., 2023)
to accelerate inference, except LLaMA, which we
host via HuggingFace (Wolf et al., 2020) for com-
patibility reasons. For reasoning models, we set
a maximum length of 2048 tokens, which is suffi-
cient for our task, detailed in Appendix B.2.

3.2 Overall Performance (RQ1)

We present the best model per family as a func-
tion of number of cues in Figure 3. Each point
aggregates n = 3,672 conversations across the ten
countries; 95% Cls are about 1.6 points, smaller
than the marker size. At the start, background in-
ference (BG, solid line) is near zero since there are
no cultural cues. The VQA task (unit prediction,
dashed line) sits around 30-60%, since models can
guess a plausible answer from the image. A clear
trend emerges: with just one cultural cue (from
NEUTRAL to IMPLICITCUE1), background predic-
tion jumps sharply from near zero to around 80%,
while the VQA task rises much more slowly. The
gap widens with more cues (IMPLICITCUE2 and
IMPLICITFULL): background prediction is almost
perfect, while the VQA task still lags behind. This
suggests current LL.Ms are not ideal pragmatic
speakers: they have the capacity to infer the user’s
background correctly, but do not use it when an-
swering. Finally, we use EXPLICITFULL as an
upper bound: with the background stated explicitly,
background prediction is perfect and the gap nar-
rows for all models except LLaMA, which appears
unable to associate the cultural background with
the correct units.

3.3 Benefit of Reasoning (RQ2)

We then show that CoT reasoning significantly im-
proves VQA performance, with Pragmatic CoT
bringing the largest gain (best reasoning model per
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Figure 5: RQ3: Effect of model scaling across the Qwen, Gemma, and Gemini-3.1 families: Larger models narrow

the gap between VQA and BG (the shaded area).

family, reported in Figure 4). Ideally, the model
should (1) infer the user’s background, then (2)
produce an answer aligned with that background.
We test whether models can perform such prag-
matic reasoning via CoT, exploring two zero-shot
setups: (1) CoT, the plain version where the model
uses its default reasoning mode with no culture-
specific guidance (it must reason from the task in-
struction alone); (2) Pragmatic CoT, where we
add explicit instructions for the model to infer the
cultural background before making a prediction.
Figure 4 shows that plain CoT already improves
over direct VQA, while Pragmatic CoT improves
VQA performance substantially, matching or ex-
ceeding the background inference task. Together,
these results show that with explicit reasoning,
models can perform pragmatic reasoning in cul-
tural contexts.

Further analyses show interesting behaviors of
models’ reasoning: (1) Pragmatic CoT produces
deeper reasoning, often linking the inferred back-
ground to the answer via an explicit causal connec-
tive. (2) Plain CoT yields shallower reasoning over-
all, though larger models still reach the deeper lev-
els, suggesting that pragmatic reasoning capability
scales with model size (detailed in Appendix B.5).

3.4 Benefit of Scaling (RQ3)

We further find that larger models close the gap
between BG and VQA more effectively under
Pragmatic CoT (Figure 5). (1) Starting with the
strongest overall model, Gemini-3.1, we see that
with just one cue (IMPLICITCUEL), the gap be-
tween VQA and BG is already very small, and it
diminishes further by the end. This shows that with
proper Pragmatic CoT guidance, Gemini-3.1 han-
dles the reasoning well. (2) Turning to the Qwen
and Gemma families, we see a clear trend: larger
models have a smaller gap between VQA and BG.
The shaded shape of Qwen-32B and Gemma-31B
resembles Gemini-3.1; however, the gap is signif-

icantly larger for the smaller Qwen and Gemma
models, suggesting that LLMs have an intrinsic
limitation in pragmatic reasoning in cultural
contexts that even explicit guidance cannot over-
come.

3.5 Models’ Cultural Prior (RQ4)

LLaMA-3.2-11B
Qwen-88
Qwen-32B
Gemma-E2B
Gemma-E4B
Gemma-31B
Gemini-3.1

IHl *

o 25% 50% 75% 100%
s Us B Israel WM France Il Japan WM Iran Bl Other
Bl China EE UK South Korea WMl India Brazil Unknown

(a) Background prior (BG): models lean toward the US.

distance

price

speed

size

temperature

b T T T 1
0 25% 50% 75% 100%
W USD mm non-USD mm metric W imperial

(b) Unit prior (VQA): models lean toward the metric sys-
tem.

Figure 6: RQ4: Models’ cultural prior at NULL, across
the two tasks.

Finally, we examine the models’ cultural pri-
ors: without any cues, models default to the
US for country, yet prefer the metric system
(which the US does not use) for measurement
units. Users might ask models a question without
any contextual cues, so it is important to quantify
models’ cultural prior. We treat models’ responses



on NULL conversations as the prior. Figure 6a
shows all models’ prior on the background pre-
diction task. From a bird’s-eye view, the majority
response is unknown (the model explicitly refuses
to answer). The most popular predicted country
is the US (by LLaMA, Qwen, and Gemini-3.1).
Interestingly, Qwen-8B refuses to answer, while
Qwen-32B becomes overconfident in predicting the
US (94%). LLaMA and Gemini-3.1 are the most
“diverse” models, with notable shares for Japan,
UK, India, and others.

Models’ prior on unit prediction tells a different
story (Figure 6b shows Gemini-3.1; other mod-
els are similar). Although background prediction
leans toward the US, unit predictions are dominated
by the metric system, the opposite of US conven-
tion. While the metric system is far more common
around the world than the imperial system, this re-
lationship is not straightforwardly captured in term
frequency in large web corpora. A search of infini-
gram (Liu et al., 2024) showed that imperial and
metric size units appear roughly equally, whereas
distance and temperature have preference for met-
ric units (~60%) and speed has a more substantial
preference for imperial (~70%).

Models prediction for pricing is an exception,
where the dollar dominates (100% for Gemini,
other models similar). Currencies differ across
all countries in our data, and USD is more fre-
quently discussed in English text than other cur-
rencies. A search of infini-gram resulted in 113M
hits for “USD”, double the number of hits as for
all other currencies tested in this paper, combined
(58M).

4 Do LLMs condition on culture when
interpreting subjective expressions?

To what extent are LLLM outputs on subjective di-
mensions — such as mapping 6 PM to “evening” or
“afternoon” — sensitive to cultural context, rather
than reflecting a single dominant or default inter-
pretation? Using the same models as in Sec. 3.1,
we address the following research questions:

* RQS5: How do cultural cues influence models’
subjective predictions (§4.1)?

* RQ6: Which cultures do models’ priors lean
toward (§4.2)?

4.1 Cultural Cues’ Influence (RQ5)

We first study whether models show more diver-
gence as cues accumulate. Given that there is no

14% A
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10% A
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Figure 7: RQS: The impact of cultural cues on models’
inter-culture divergence (Drpter): more cues yield more
diverse answers.

ground-truth answer for subjective dimensions, we
instead examine how models’ predictions shift as
cultural cues accumulate, by defining the inter-
culture divergence score:

> Pry® #y")

1
DInter = 7NV
(5) (5.5

2

Drnter 18 the average divergence across all (];[ ) =
45 pairs of cultures (with N = 10) at the same cue
level, where B and B’ denote two distinct cultural
backgrounds. For example, if a model interpreted 6
PM as “afternoon” under one cultural condition and
as “evening” under another, we count this as a di-
vergence. We hold the conversation fixed and vary
only the cultural cues across countries: a [shopping
platform] cue might be Fnac (France), Flipkart
(India), or Coupang (South Korea). If a model is
sensitive to these cues, it may give different an-
swers to reflect the common interpretation within a
given culture. We use this divergence as a measure
of cultural specificity (visualized in Appendix B.6).

Fig. 7 reports each family’s largest model on
the subjective task, measured by Diyie;. We make
two observations: (1) Overall, models give more
diverse answers as cues accumulate, from IMPLIC-
ITCUEI to IMPLICITCUE2 to IMPLICITFULL. In-
terestingly, for some models the divergence drops
from IMPLICITFULL to EXPLICITFULL. (2) Prag-
matic CoT increases divergence compared to direct
prediction. Inspecting the reasoning traces, we
find that stronger models follow our instructions
and engage in deliberate thinking such as “the user
is from ..., so what does 6 PM mean to them?”,
which enhances the divergence.



Qwen-32B Gemma-31B  Gemini-3.1
Culture DImpl DExpl DImpl DExpl DImpl DExpl
UsS 6.8 387 83 987 9.8 6.8
China 45) 150 761 7.6 83 1147
Israel 53 1.5]) 9.1 8.3 6.1 8.3
UK 53 3.0 8.3 6.1 7.6 9.1
France 7.61 3.0 987 7.6 8.3 9.8
Korea 53 3.0 9.1 6.1 53] 10.6
Japan 6.1 23 76] 6.8 7.6 8.3
India 451 23 76] 53] 9.1 8.3
Iran 451 3.0 8.3 9.1 6.1 7.6
Brazil 6.1 2.3 9.1 6.8 1067 6.1
Mean 5.6 2.6 8.5 7.3 7.9 8.6

Table 2: RQ6: Per-culture Dryy,p1 and Dgyp, for three
models (in percentage score). | marks the per-column
minimum (culture closest to the model’s prior); T marks
the per-column maximum (the most “alien” culture).
95% Cls are about +1.5 for the Mean row (n = 1,320)
and +4.3 for individual cultures (n = 132).

4.2 Sensitivity to Specific Cultures (RQ6)

We then test models’ cultural priors on these subjec-
tive concepts, where the absence of a ground-truth
answer lets each model’s default leaning emerge.
To that end, we define the cue divergence scores:

B B
DEXpl(B) = Pr(yEXPLICITFULL 75 yNEUTRAL)

B B
DImpl(B) = Pr(yIMPLICITFULL # yNEUTRAL)

where Dgyp1(B) and Diypi(B) are the explicit-
and implicit-cue divergence scores for culture 5.
To attribute a shift cleanly to the cultural cues, we
anchor on the NEUTRAL conversation and con-
struct two minimally-changed variants: EXPLIC-
ITFULL only appends an “I am from ...” phrase
to NEUTRAL, while IMPLICITFULL only fills the
neutralized [cue] slots in NEUTRAL with culture-
specific values. Each score measures, per culture,
how often the model’s answer changes under that
minimal modification. Low scores may indicate
that the model’s priors align with the given culture.

We report the results in Table 2. The per-
culture cells carry wide confidence intervals, so we
see them as trends rather than definitive rankings.
Three findings stand out: (1) The US is the most
alien culture for Qwen-32B and for Gemma-31B
(DExpl), and is never the closest to any model’s
prior. (2) China is the closest to Qwen-32B’s prior,
consistent with Qwen being developed by a Chi-
nese company, and is also favored by Gemma-31B
under implicit cues. Interestingly, Gemini-3.1 in-
stead places China as its most alien culture under
explicit cues. (3) For Gemini-3.1, Brazil is the

closest under explicit cues but the most alien under
implicit cues. Possible reason is that Brazil shares
implicit cues with other Latin American countries,
which can confuse the model (case study in Ap-
pendix B.7).

5 Related Work

Pragmatic Speaker Models. A pragmatic
speaker aims to maximize communicative effect
by inferring how the listener interprets each ut-
terance (Frank and Goodman, 2012; Andreas and
Klein, 2016). This process often involves resolv-
ing implicatures (Ruis et al., 2023; Cong, 2024).
Recent studies show that LLMs still fall short at
pragmatic understanding (Hu et al., 2023; Sravan-
thi et al., 2024), and a significant gap remains
before they can reason as competent pragmatic
speakers (Jian and Siddharth, 2024; Sieker and
Zarrief3, 2026). Pragmatic reasoning has been ap-
plied to many tasks, such as code generation (Cao
et al., 2025b), multi-turn dialogue (Estienne et al.,
2025), and image captioning (Cohn-Gordon et al.,
2018; Nie et al., 2020), but cultural aspects, our
main focus, are largely overlooked in this line of
work. A notable exception is White et al. (2024),
who study cross-cultural common ground between
two players in Codenames Duet, a cooperative
word-association game. Our setting differs in both
task and direction: we focus on concept-to-value
grounding (e.g., units, time expressions) and on
user-to-model adaptation, where the user’s culture
is inferred from cues.

Cultural Competence in LLMs and VLMs.
LLMs are expected to respond in line with the
speaker’s cultural background. Recent work largely
focuses on evaluating LLMSs’ cultural competence
with respect to cultural values (Zhao et al., 2024;
Kabir et al., 2025), norms (Rao et al., 2025),
and knowledge (Ramezani and Xu, 2023; Myung
et al., 2024; Chiu et al., 2025; Mor-Lan et al.,,
2026; Naous et al., 2024; Veselovsky et al., 2026).
These evaluations have been extended to VLMs and
text-to-image models (Bhatia et al., 2024; Nayak
et al., 2024, 2025). Many recent resources target
cross-cultural understanding, including multimodal
metaphor (Yang et al., 2025), emotion understand-
ing (Belay et al., 2025), cross-regional object recog-
nition (Rojas et al., 2022), as well as Hofstede’s cul-
tural dimensions (Kharchenko et al., 2024). How-
ever, they overlook how the expression of the same
concept varies across cultures.



Language Grounding Grounding is the process
of mapping utterances to what they refer to in the
world, for example, the expression “evening” to a
specific time, or “few” to a particular count (e.g., of
eggs in a basket). We take a novel angle: grounding
in images, leaving the culturally appropriate lexi-
cal choice to the model. Language grounding has
been studied across text, image, and video (Chandu
et al., 2021; Fried et al., 2023), but less so in cul-
tural contexts. Notable exceptions include time
expressions (Shwartz, 2022), quantifiers (Stateva
et al., 2019; Wong et al., 2025), gradable adjec-
tives (Gari Soler and Apidianaki, 2021), and im-
plicit numeric heads (Elazar and Goldberg, 2019).
However, these resources either treat concepts as
culture-invariant or capture cross-cultural variation
only through small-scale psycholinguistic studies.
Therefore we introduce CAPRI, which grounds
both objective and subjective concepts across cul-
tures at scale. Our evaluation is also distinct in a
conversational setting, disentangling what models
know from whether they act on it.

6 Conclusion

Cultural competence in LLMs is becoming increas-
ingly consequential as they are deployed to auto-
mate processes globally. We introduce CAPRI,
reframing the question from whether LLMs know
a certain culture to whether they can apply this
knowledge and tailor their answer to maximize
communicative effect. Our evaluation reveals a per-
sistent gap: state-of-the-art models reliably infer
the user’s background but fail to apply it, unless
explicitly guided to reason about this. We also
show that on subjective expressions, models’ an-
swers diverge more as cultural cues accumulate,
while their no-cue priors sometimes align with the
model’s country of origin. CAPRI is a step toward
narrowing the gap between cultural knowledge
and culturally adaptive generation. Future work
should broaden the set of grounding dimensions
and cultures, and imbue this reasoning capability
into LLLMs, making them pragmatic speakers.

Limitations

Coverage of cultures. We follow the common
practice in the NLP community and use country as
a proxy for culture (Wang et al., 2024; Liu et al.,
2025a), while acknowledging that cultures could be
defined at a finer-grained level based on region, lan-
guage, religion, and more. While we only tested 10

countries, we selected them to maximize regional
diversity.

Language artifacts. Our dataset is in English,
which introduces a language prior. We chose En-
glish to separate the effect of LLM performance
on different languages from their ability to perform
cultural pragmatic reasoning. A small case study
on translated conversations (Appendix B.4) shows
that the cultural reasoning is still not perfect: the
conversation’s language alone makes background
inference nearly trivial, while the gap to question
answering persists. We leave full multilingual eval-
uation, where the input language itself can signal
the user’s background, to future work.

Ethical Considerations

Annotation. The study was conducted with ap-
proval from our institute’s Behavioral Research
Ethics Board (IRB). Annotation is performed on
the Cloud Connect platform, where we pay annota-
tors $15 USD/hour, in line with CloudResearch’s
compensation guidelines to pay at least the local
minimum wage standards.

Data Sources and Potential Risks. We gener-
ated the conversations with Google Gemini-2.5-
Pro. We generated the images with Google Im-
agen 4 and Gemini-2.5-Flash-Image, apart from
photographs, which we sourced from Flickr under
permissive licenses (‘“commercial use & modifica-
tions allowed”). The cues (names, phone numbers,
postal codes) are synthetic and follow each coun-
try’s format conventions; they do not refer to any
real individual. The images are about objects and
scenes (thermometers, rooms, tractors, etc.) rather
than identifiable people, and we manually inspect
each to filter out any with explicit text or strong cul-
tural signals. The conversation topics cover neutral
concepts (measurement units, time, quantifiers),
avoiding sensitive or harmful content.

Cultural Biases. In this work, we use country-
level background as a proxy for culture, following
common practice in NLP research. We mitigate
stereotyping by verifying both the cultural cues
and the conversations with people from the target
country (our annotators have lived there for at least
5 of the past 15 years; §2.3). However, this simpli-
fication may still reinforce the stereotype that peo-
ple from the same country share a homogeneous
culture. Future work could consider more fine-



grained representations of culture beyond country-
level proxies.

Al Tool Usage. We use Google Gemini-2.5-Pro
for conversation generation. For image generation,
we use Google Imagen 4 and Gemini-2.5-Flash-
Image (§2.3). Claude Code and Cursor Al were
used during coding, primarily for debugging as-
sistance; ChatGPT and Claude (via the web inter-
face) was used only for grammar checking of the
manuscript.
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A Dataset Detail

A.1 Ground-Truth Answer for Objective
Measurement Unit

Concept Metric Imperial

Distance km, m, cm, mi, mile, ft, foot,
kilometer, meter, inch, yard
centimeter

Speed km/h, kph, kmph, mph, mi/h, ft/s, fps
m/s

Size (Area) m? sqm sq ft, ft%, sf, acre, sq

mi, square mile
Temperature °C, Celsius °F, Fahrenheit

Table 3: Metric vs. Imperial units accepted as ground-
truth answers for each measurement unit concept.

For objective measurement-unit concepts, we ac-
cept any unit form consistent with the user’s culture
as a correct answer. Table 3 lists the accepted unit
forms for both metric and Imperial systems, which
we match against the model’s output via regular ex-
pressions. Table 4 then shows which system each
country in our dataset follows.

Country Corresponding Unit

uUsS Imperial for all units; Price: USD ($,
dollars, cents)

China Metric for all units; Price: CNY (¥, yuan,
RMB)

Israel Metric for all units; Price: ILS (shekel, NIS)

UK Imperial for Speed; Metric for
Temperature; Price: GBP (£, pounds, pence)

France Maetric for all units; Price: EUR (€, euro)

South Korea Maetric for all units; Price: KRW (won)

Japan Metric for all units; Price: JPY (¥, yen)

India Metric for all units; Price: INR (rupee)

Iran Metric for all units; Price: IRR / Toman
(rial, toman)

Metric for all units; Price: BRL (RS, real,
reais)

Brazil

Table 4: Unit conventions per country in the dataset.

Most countries use either Imperial for all units
or Metric for all units (Distance, Size, Speed, Tem-
perature). The UK is the outlier: it uses Metric for
temperature (°C)° but Imperial for speed (mph)®.
Distance and Size in the UK are genuinely mixed-
unit (e.g., miles on road signs but meters are pre-
ferred for shorter units), so we exclude these two
concepts from the UK evaluation. Our human anno-
tators occasionally used additional culture-specific

5https://en.wikipedia.org/wiki/Metrication_in_
the_United_Kingdom

6https://ukma.org.uk/road—signage/
speed-limits/

units, such as jo (a Japanese size unit) and pyeong
(a Korean size unit); we do not observe these in the
models’ output, so we omit them from the table.

A.2 Annotation Interface

Our annotation task aims to verify two things: (1)
the conversations are valid and indeed lead to the
correct units for each measurement, and (2) the cul-
tural cues are effective, i.e., they prompt annotators
to select the culture-specific version of the answer.
We therefore restrict the annotation to objective
measurement-unit concepts, since subjective con-
cepts have no ground-truth answer. We use the
IMPLICITFULL conversations, which contain both
cuel and cue2.
The task has three steps for the annotators.

Step 1: Cultural priming (Liu et al., 2025b).
Cloud Connect annotators reside primarily in the
US, UK, Australia, and other English-speaking
countries. Even though we require annotators to
have lived in the target country for at least five
of the past 15 years, we still use this technique
to activate their cultural memory. We ask ques-
tions such as “Where is LeBron James (basketball
player) from?” and “Where is Isabelle Huppert
(actress) from?” (Figure 8). In practice annotators
score nearly perfect on this step, and we trust they
are qualified.

Step 2: Annotation instructions (Figure 9). An-
notators are required to read the instructions care-
fully. We added a worked example contrasting
°C and °F to show what we mean by culturally
aligning the answer (temperature is the easiest con-
cept, so the same example carries across all five
measurement-unit concepts). We highlight in red
font: “Make your answer customized to the user’s
background.”

Step 3: Annotation instance (Figure 10). We
then present an actual annotation instance. The
annotator role-plays the chatbot: read the conver-
sation, interpret the cultural cues, and produce an
answer. We reinforce the [value] [unit] output for-
mat, since without this explicit requirement both
models and humans tend to add unwanted text.

A.3 Human annotation detail

Table 5 reports our human verification results. We
release 29 samples per (concept, culture) group and
report averages aggregated by concept and by cul-
tural background separately (full details in Table 6).


https://en.wikipedia.org/wiki/Metrication_in_the_United_Kingdom
https://en.wikipedia.org/wiki/Metrication_in_the_United_Kingdom
https://ukma.org.uk/road-signage/speed-limits/
https://ukma.org.uk/road-signage/speed-limits/

Pre-Task Test

This short pre-task test only takes a few seconds

You are paid for completing it as well.

Before you start the actual annotation task, please answer two quick multiple-choice questions.

Question 1
Where is LeBron James (Basketball Player) from?
O A.USA O B.France

Question 2

Where is Isabelle Huppert (Actress) from?

OA.UsA O B.France
Go to the Actual Annotation Task

Figure 8: Annotation interface, Step 1: Cultural Priming.

Actual Annotation Task Starts Here.

Your Job: Read the instructions carefully before annotating.

5]

user

At
chatbot

Step 1: Read the conversation and infer the user background.

Your Answer

37°C
value (a number) /
[~ ) ~ which one ?

unit (a unit)

chatbot chatbot 98 °F

Step 2: Help the chatbot respond in a way that aligns with the user’s
background.

Annotation Instruction (Read Carefully)

The image above is an overview of your task. Please still read all the instructions below carefully.

Step 1 Read (~30 seconds): Read the conversation carefully, especially the user utterances. From the
conversation, you need to infer the user's cultural background.

Step 2 Answer (~30 seconds): Examine the image and answer the user's question in the final sentence.
Format: The answer must follow the format [value] [unit] (e.g., for temperature, 98 °F and 37 °C).

o value can be 98 or 37

o unit can be °F (for nations like USA) or °C (for nations in Europe and Asia).
Make your answer customized to the user's background: Please identify the user's background in Step
1, and answer with a specific [value] and [unit]. If the image is uncertain, please give an estimated [value],
but always make sure the [unit] is consistent with the inferred culture.
For each conversation, the user may come from a different cultural background, so please read
every conversation in your batch carefully.
(Optional) Comment: If you have any feedback regarding the images or conversations, feel free to leave
an optional comment.

.

Figure 9: Annotation interface, Step 2: Annotation Instruction.



Conversation & Image: Read carefully before answering.

Conversation

user

()
Hello, | need some help reading the thermometer in the picture | sent.
user

- Of course. | can help with that. To get started, can you tell me where you purchased this item?

chatbot

()
| bought it on Fnac.com. \d
user

-« Thank you. | see you bought it from Fnac.com. To locate your order, could you please provide

chatbot  the phone number associated with your account?

()
Sure, my number is 06 12 34 56 78.
user

- Got it. I've located your purchase details with the number 06 12 34 56 78. Now, how can |

chatbot  assist you with the thermometer in the image?

Your Answer (Must be customized to the user's background:)

value (a number)

(Make sure the unit is customized to the user's background.)

Your Comment (optional)

Type your comment
here... y

What is the temperature of the thermometer? @
user

unit (a temperature unit)

Figure 10: Annotation interface, Step 3: Annotation Instance.

The “v'inst” column denotes qualified instances:
we remove annotators who did not understand the
task and produced nonsense, or whose majority
responses were incorrect. In the “By concept” sec-
tion, all concepts achieve over 85% accuracy on
the evaluation group and over 65% on the control
group (20% samples are American conversations
as the control for other cultures). In the “By cul-
tural background” section, most cultures achieve
80-90% accuracy with a good control rate (the US
has no control group). A few cultures score lower:

the UK, whose measurement system mixes metric
and imperial units; Israel, which has few available
annotators and is often confused with American
culture; and Brazil, which can be confused with
Spanish or Portuguese cultures.

Table 6 provides the fine-grained breakdown. US
serves as the control group, so the US row is “N/A”.
For speed, we initially included boat and plane
images whose ground-truth answer can be “knot”,
which is not culture-specific, so we exclude these
images (25% of speed) from the dataset; this leaves



vinst Eval Group  Control Group

#total v % # total v %

By concept
Price 185 160 86.9 25 80.0
Distance 195 168 91.7 27 77.8
Speed 131 112 90.2 19 84.2
Size 101 86 89.5 15 73.3
Temperature 249 211 953 38 65.8
Mean/Total 861 737 912 124 75.0

By cultural background

US 106 106  90.6 n/a n/a
China 83 70 98.6 13 69.2
France 70 60 90.0 10 80.0
Brazil 61 51 1765 10 80.0
India 112 94 947 18 94.4
Japan 109 90 87.8 19 84.2
South Korea 100 86 942 14 71.4
UK 75 64 89.1 11 54.5
Iran 103 84 91.7 19 94.7
Israel 42 32 969 10 10.0
Mean/Total 861 737 91.2 124 75.0

Table 5: Human evaluation accuracy by Type 1 concept
and culture, with American conversations as control.

24 speed instances after filtering. “DP” denotes
annotators who did not perform: they typically
pasted irrelevant strings, or only used units from
their current country of residence without engaging
with the cues. We discard their data entirely, since
they did not pay attention to the task.

Here are a few more interesting observations:
(1) Annotators from East Asian countries perform
particularly well (especially China, South Korea,
and Japan), possibly because the cultural cues are
very salient in these conversations. To our surprise,
several annotators also proposed culture-specific
units of their own (e.g., jo for Japan and pyeong
for South Korea, both room-size units). (2) Brazil
and the UK are slightly weaker, especially on the
UK’s control group; this is understandable, since
the control conversations are American and the two
cultures are closely related. Still, once aggregated
(Table 5), both the evaluation and control groups
achieve decent performance, and we can trust that
our dataset carries valid conversations and effective
cultural cues.

A.4 Prompts for Generating Conversation
Scaffold and Filling Scaffold

We use Google Gemini-2.5-Pro for both stages.
Placeholders such as {background}, {cue_1},
{conv_type}, and {conversation} are replaced
at runtime. We show the temperature concept as

an example; prompts for other concepts follow the
same template.

Stage 1: Scaffold generation. Given a conversa-
tion type and an image caption, the model produces
a culture-agnostic conversation scaffold with two
placeholder cue slots.

I'd like to simulate a short conversation
(7-1@ utterances) between a wuser and a
chatbot. The user asks about the temperature
of a thermometer. Create a skeleton with
placeholders for two implicit cues.

The final user utterance should be: *“What is
the temperature of the thermometer?”x
The conversation type is {conv_type}.

# Requirements 1: The conversation must be
coherent with the image caption: “{caption}”.

# Requirements 2: Generate a templatic,
culture-agnostic scaffold in English.

# Requirements 3:

- Use exactly 2 implicit cues,
“[#cuel: ...]1” and “[#cue2: ...]”.
// ... (additional rules on coherence and
placeholder formatting)

marked as

*%Cue 1:** {cue_1}  **Cue 2:** {cue_2}
Requirements 4: Interaction Setting -
choose “at place” or “refer image” based on
the caption.

// ... (additional rules on setting choice
and implicit conveyance)

# Specifications:

- Keep the template culturally neutral;
coherent with each other and the context.
- The user mentions cues before the chatbot;
cues appear in separate utterances.

// ... (additional bullets on cue choice,
placeholder usage, and conversation flow)

cues

Please return the JSON, no other text:

{

“Why two cues are coherent”: “...”,

“cuel_chosen”: {CueType: “...”, Category:
“oU7%,

“cue2_chosen”:  {CueType: “...”, Category:
“oU7%,

“interaction_setting”: “...”, // “at place”
or “refer image”

“conv_type”: “...”,

“coherence_plan”: { ... }, // omitted
“conversation”: { // include [#cuel: ...]
and [#cue2: ...] in both user and chatbot
utterances.

“user_17: “...” “chatbot_17: “...”,

... // until the final user utterance

}

3

Stage 2: Filling the scaffold. Given a scaffold and
a target culture, the model replaces the placeholders



Culture Concept # annot. DP annot. # inst. v inst Eval Group Control Group
total % total %
Price 13 2 29 27 27 88.9 n/a n/a
Distance 11 1 29 26 26 96.2 n/a n/a
usS Speed 9 4 24 13 13 84.6 n/a n/a
Size 8 4 29 16 16 93.8 n/a n/a
Temperature 12 3 29 24 24 87.5 n/a n/a
Price 6 4 29 10 9 100.0 1 100.0
Distance 7 1 29 25 21 95.2 4 100.0
China Speed 7 5 24 8 7 100.0 1 100.0
Size 7 4 29 11 9 100.0 2 0.0
Temperature 6 0 29 29 24 100.0 5 60.0
Price 7 4 29 15 12 83.3 3 66.7
Distance 6 2 29 20 18 88.9 2 100.0
France Speed 5 3 16 8 7 85.7 1 100.0
Size 8 6 29 3 3 66.7 0 0.0
Temperature 7 1 29 24 20 100.0 4 75.0
Price 3 2 29 10 9 44.4 1 100.0
Distance 3 2 29 10 9 55.6 1 0.0
Brazil Speed 6 4 24 7 5 100.0 2 100.0
Size 6 5 29 5 4 100.0 1 0.0
Temperature 6 0 29 29 24 87.5 5 100.0
Price 3 0 29 29 24 100.0 5 100.0
Distance 3 0 29 29 24 91.7 5 100.0
India Speed 6 1 24 21 18 88.9 3 100.0
Size 7 5 29 9 7 100.0 2 100.0
Temperature 6 1 29 24 21 95.2 3 66.7
Price 6 1 29 24 19 84.2 5 100.0
Distance 7 0 29 29 24 91.7 5 80.0
Japan Speed 7 3 24 14 12 100.0 2 100.0
Size 7 3 29 18 15 73.3 3 100.0
Temperature 8 1 29 24 20 90.0 4 50.0
Price 6 2 29 19 17 88.2 2 100.0
Distance 6 2 29 19 16 100.0 3 66.7
South Korea Speed 7 3 24 14 12 83.3 2 0.0
Size 6 1 29 24 21 95.2 3 66.7
Temperature 6 1 29 24 20 100.0 4 100.0
Price 10 2 29 26 23 82.6 3 66.7
UK Speed 10 1 24 20 17 88.2 3 100.0
Temperature 10 0 29 29 24 95.8 5 20.0
Price 3 1 25 10 8 75.0 2 100.0
Distance 3 0 25 25 21 90.5 4 100.0
Iran Speed 2 0 24 24 20 95.0 4 75.0
Size 2 1 25 15 11 81.8 4 100.0
Temperature 2 0 29 29 24 100.0 5 100.0
Price 4 3 29 15 12 100.0 3 0.0
Distance 4 3 29 12 9 100.0 3 0.0
Israel Speed 4 3 23 2 1 0.0 1 100.0
Size 4 4 29 0 0 0.0 0 0.0
Temperature 3 2 29 13 10 100.0 3 0.0

Table 6: Full per-culture human evaluation statistics for Type 1 objective concepts. The evaluation group uses
the culture-specific conversation; the control group uses the American conversation. “DP annot.” denotes those
annotators who Didn’t Perform the task, so we remove their entire annotation instances.

with concrete, culture-specific values drawn from
our verified knowledge base (cf. §2.3).

Please help me fill in a conversation scaffold
with actual information.
{background}. Please replace the placeholders

The user is from



([#cuel: ...]1 and [#cue2: ...]1) with the

actual cues.

# Actual cue 1 (in JSON format): {cue_1}%};
# Actual cue 2 (in JSON format): {cue_2};

# Requirement 1: The user is from
*x{background}*x. Use a concrete example
for each cue, chosen from the provided list.
Specifically:

- System-based cue: instantiate using the
generation rules in the actual cue.

- Entity-based cue: choose a specific entity
from the list.

- Named-based cue: generate a common person’s
name from the target background.

# Requirement 2: Make sure the filled
cues are coherent with the conversation
scaffold.

Avoid explicit mention
background, or cultural

# Requirement 3:
of country names,
information.

# Requirement 4: Keep edits minimal; only
replace placeholders with actual cues.
The conversation scaffold is as follows;

please fill in the placeholders with the
actual cues: {conversation}.

Please return your filled in conversation

scaffold in JSON format.

{
“filled_conversation”: {
“user_17: “...”,
“chatbot_17: “...”,
. // until the final user utterance
3
3

A.5 Dataset Samples

As explained in Section 2, each conversation in
our dataset is built from a scaffold grounded in
an image. We show one sample per measurement-
unit concept below; for subjective concepts, see the
dedicated case study in Appendix B.7.

Each sample contains the image and the scaffold
(a customer-support, info-seeking, or chitchat ex-
change) with the cue slots [#cuel] and [#cue2]
marked. The slots are then filled with culture-
specific values drawn from our verified knowledge
base.

Temperature: customer_support. A customer-
support conversation for a thermometer that shows
both Fahrenheit and Celsius scales. The two cues
are a name (e.g., James for US, Zhang Wei for
China, Antoine for France) and a phone-number
format ((302) 555-0182 for US, 138-1234-5678
for China, 06 12 34 56 78 for France); the values
are randomly generated but follow each country’s
official standard.

:
i
|

user: Hello, I need some help with the
product in the image I sent.

chatbot: Of course. I can certainly help you
with that. To get started, could you please
provide your full name?

user: My name is [#cuel: Name-based cue].
chatbot: Thank you, [#cuel]. For
verification, could you also tell me the
phone number registered with your account?
user: Yes, my number is [#cue2: Format of
phone number].

chatbot: Perfect, I’ve located your account.
Now, how can I help you with the thermometer
in the picture?

user: I’'m a bit confused by the two columns
of numbers. What do they mean?

chatbot: That’s a common question. The
thermometer shows the temperature in two
different scales. The scale on the left is
Fahrenheit, and the one on the right is
Celsius.

user: What is the temperature of the
thermometer?

Distance: chitchat. A chitchat between a user
and the chatbot about two cats sitting on the sunlit
tiles. The two cues are a temperature unit worked
in via sensory framing, “it feels like ...” (75 °F
for US, 25 °C for China, 25 °C for France), and
a name (Jessica for US, Wei for China, Chloé for
France).




user: It’s so lovely and peaceful out here
on the patio.

chatbot: It certainly is. The two cats seem
to be enjoying the sunshine.

user: Definitely. It feels like it must be
at least [#cuel: Temperature unit] right now.
chatbot: Yes, it’s a perfect temperature for
them to relax.

user: By the way, my name is [#cue2:
Name-based cue].

chatbot: It’s a pleasure to meet you,
[#cue2].

user: They’re just sitting there so still,
facing each other.

chatbot: They do seem to be in a very calm
standoff.

user: What is the distance between the two
cats?

Speed: infoseek. A user asks about a tractor
parked in a field. The two cues are a news/me-
dia source citation (The New York Times for US,
People’s Daily for China, Le Monde for France) and
a date format for the production date (08/15/1952
for US, 1958-10-01 for China, 15/09/1952 for
France).

user: Wow, look at this old tractor. It must
have been around for a while.

chatbot: It certainly has a vintage look.
Based on its design, it’s likely from the
mid-20th century.

user: I think I read an article about this
model in [#cuel: News and media sources]
recently.

chatbot: That’s interesting. Articles from
[#cuel] are often well-researched. I can
look up that model if you’d like.

user: Yes, I think they mentioned the
production started on [#cue2: Date format].
chatbot: Thank you for the specific date,
[#cue2]. That helps narrow down the model
and its specifications.

user: Great. I’m just curious about how it
performs.

chatbot: I am accessing the technical
specifications for tractors from that era.
What would you like to know?

user: What is the speed of this tractor?

Size: infoseek. The user introduces themselves
and asks whether the pendant light is compatible
with the local power standard. The two cues are a
name (Jennifer for US, Li Wei for China, Antoine

for France) and an electrical power-supply stan-
dard (/20 V; 60 Hz for US, 220 V, 50 Hz for China,
230V, 50 Hz for France).

user: Hello, my name is [#cuel: Name-based
cuel.

chatbot: Welcome, [#cuel]. How can I help
you with the room today?

user: I was wondering about the pendant
light. Is it designed for the [#cue2:
Electrical power supply standard]?

chatbot: Yes, all fixtures here are
compatible with the [#cue2].

user: That’s good to know. The chairs look
great too. The whole room feels quite open.
chatbot: Thank you. The minimalist design
is intended to maximize the sense of space.
user: What is the size of this room?

Price: customer_support. A standard chair-
delivery support conversation. The two cues are
a postal code used to confirm the delivery area
(90210 for US, 510620 for China, 44200 for
France) and a name used to save the customer’s
record (Emily Johnson for US, Wang Wei for China,
Marion Lefebvre for France).

user: Hi, can you check delivery
availability for this chair?

chatbot: Certainly. To which area would it
be delivered?

user: You can check for the postal code
[#cuel: Postal code system].

chatbot: Thank you. Let me check for
[#cuel]. . . Yes, we do deliver to your area.
May I have your name to save this
information?



user: Great. My name is [#cue2: Name-based
cuel.

chatbot: Perfect, [#cue2]. I’ve noted that.
Is there anything else I can help you with
regarding the chair?

user: What is the price of this chair?

B Experimental Details

B.1 Model Details

As summarized in Table 7, we evaluate seven state-
of-the-art vision language models (VLMs) from di-
verse developers: Meta (US), Google (US), and Al-
ibaba’s Qwen team (China). Most are open-source;
to manage cost, we include only one closed-source
model, Gemini-3.1-Flash-Lite (Google), which per-
forms competitively on common benchmarks and
is designed for fast, everyday use, close to the con-
versational context of our dataset.

The Llama-3.2-11B-Vision-Instruct model
(Llama 3.2 Community license) is the only model
in our suite without a thinking mode. For the
Qwen3-VL family (Apache 2.0), we evaluate both
8B and 32B sizes; the -Instruct and -Thinking
variants are separate checkpoints with different
weights, and since the -Thinking checkpoint cannot
have its reasoning disabled, we use the -Instruct
sibling for direct prediction. The Gemma-4 family
(Gemma Terms) is a recent release that ships a
unified checkpoint for both modes (toggled by a
simple —enable_thinking flag at inference time)
in sizes E2B, E4B, and 31B. Finally, Gemini-
3.1-Flash-Lite is a proprietary model accessed
via API; we set the thinkinglevel parameter to
MINIMAL as a proxy for direct prediction, and in
practice the model emits no thinking tokens under
this setting, confirming its non-CoT behavior.

B.2 Inference Details

Hyperparameters. For all models, we set the
inference temperature=0 (greedy decoding) for
reproducibility. For direct prediction we set max
new tokens to 256, and to 2048 for thinking mode;
both are sufficient for our tasks. In the rare cases
where a model exceeds 2048 tokens, the model is
caught in an endless loop of hesitation and would
not finish anyway.

Infrastructure. We use VLLM’ to accelerate in-
ference for the Qwen and Gemma families, while
Llama runs on the standard HuggingFace Trans-
formers library for compatibility reasons. Open-

"https://vllm.ai

source inference runs on H200 GPUs. Direct pre-
diction across our entire dataset (VQA and BG
tasks across the six conversation variants) finishes
in one hour, and thinking mode in five hours. For
Gemini-3.1-Flash-Lite, we use the batch inference
API, at an estimated cost under $100.

B.3 Inference Prompt Details

BG Task Prompt. Our prompts adopt a minimal
design. For the background inference (BG) task,
we feed the model the {conversation} and ask it
to infer the user’s background, with a constraint on
the output format.

You are a helpful chatbot. Please infer the
user’s identity based on the conversation.

# Requirement: Your answer must be succinct
and in the format “The user is from [nation]”,
where [nation] is a nation name.

# The conversation is: “{conversation}”.
Please infer the user’s identity based on
the conversation. The answer should be in
the format “The user is from [nation]”.

VQA Task Prompt. The VQA prompt asks the
model to read the image and the conversation and
role-play a helpful chatbot answering the user’s
question. We constrain the output format, since
in trial runs we observed models occasionally
generating random strings. We also instruct the
model to customize its answer to the user’s cul-
tural background (Requirement 3); even with this
constraint, direct prediction still falls short. Re-
quirement 4 is an optional block, inserted only
for the Pragmatic-CoT version, where we explic-
itly instruct the model to reason about the user’s
background step by step before producing the final
VQA answer.

You are a helpful chatbot. Please answer
the user’s question in their final utterance
according to the conversation and the image.
# Requirement 1: Your answer must be succinct
and in the format “The answer is [value]
[unit]”, where [value] is a number and [unit]
is a unit of measurement.

# Requirement 2: No matter what (e.g. image
ambiguous, etc.), you must answer in the same
format of “The answer is [value] [unit]” as
the requirement 1 with a best guess.

# Requirement 3: Your answer should be
customized to the user’s preference and
cultural background.


https://vllm.ai

Model

Params Thinking Developer

URL

Llama-3.2-11B-Vision-Instruct 11B X Meta https://huggingface.co/meta-1lama/
Llama-3.2-11B-Vision-Instruct

Qwen3-VL-8B-Instruct 8B X Alibaba https://huggingface.co/Qwen/
Qwen3-VL-8B-Instruct

Qwen3-VL-8B-Thinking 8B v Alibaba https://huggingface.co/Qwen/
Qwen3-VL-8B-Thinking

Qwen3-VL-32B-Instruct 32B X Alibaba https://huggingface.co/Qwen/
Qwen3-VL-32B-Instruct

Qwen3-VL-32B-Thinking 32B v Alibaba https://huggingface.co/Qwen/
Qwen3-VL-32B-Thinking

Gemma-4-E2B-it 2.6B v Google https://huggingface.co/google/
gemma-4-E2B-it

Gemma-4-E4B-it 4B v Google https://huggingface.co/google/
gemma-4-E4B-it

Gemma-4-31B-it 31B v Google https://huggingface.co/google/
gemma-4-31B-it

Gemini-3.1-Flash-Lite NA v Google DeepMind https://ai.google.dev/gemini-api/docs/

models#gemini-3.1-flash-lite

Table 7: Models evaluated in this work. NA denotes parameter count not disclosed by the provider.

, # Requirement 4 (Structured Reasoning):
1 Qutput JSON with two fields: !
. #  “cultural Reasoning (Step 1)”: Reason i
, about the user’s background, ending with i
! “This user is from [country].” or !
i, “Lunknown]”. Limit 512 tokens. |
| # “Visual Question Answering (Step 2)”: |
: Final answer per Requirements 1-3. Limit :
, 512 tokens. |
| # Keep <think> deliberation under ~800
! tokens before the JSON. :

# The conversation is: “{conversation}”.
Please answer the user’s question in
their final utterance by referring to the
conversation and the image. The answer should
be in the format “The answer is [value]
[unit]”.

For subjective concepts, since the answer is not
in [value] [unit] format, we slightly modify the
prompt requirements and the closing line. For time
expressions it becomes “The answer should be se-
lecting one options from the list of options: ‘[morn-
ing, noon, afternoon, evening, night]’. Please an-
swer succinctly with only one option (no other
text).”; for quantifiers, “The answer should be se-
lecting one options from the list of options: ‘[few,
some, half, most, almost all]’. Please answer suc-
cinctly with only one option (no other text).” The
rest of the prompt is unchanged.

B.4 Case Study on Translated Conversation

Our dataset is in English, so we now perform a
small scale case study on translating the conver-
sations into a culture’s own language. This is to
investigate the impact of the conversation’s lan-
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Figure 11: Case study on translated conversations.
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guage on our CAPRI evaluation. We select the
price concept (63 conversations), and translate the
English conversations into Korean (for South Ko-
rean culture), into French (for French culture), and
into Portuguese (for Brazilian culture), using the
same model as for the original conversation genera-
tion (Gemini-2.5-Pro). As a case study, we evaluate
the same Qwen-32B-Instruct model with the direct
prediction mode.

In Figure 11, we present our existing English
based results for reference (EN-BG and EN-VQA),
together with the results on the translated conver-
sations (TR-BG and TR-VQA). In addition, we
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include the existing results for the US and the UK
for reference, since English is naturally their lan-
guage. We have the following observations: (1)
The background prediction task is easily solved
for the TR-BG series (South Korea, France, and
Brazil), in both NULL and IMPLICITFULL con-
versations. This suggests that models can use the
language of the conversation to easily infer the
user’s cultural background. (2) There is still a gap
between the TR-BG and TR-VQA tasks, although
it is significantly reduced compared to the gap be-
tween the EN-BG and EN-VQA tasks. The case
study tests the price concept, and we see that TR-
VQA still sometimes predicts USD as the prior
(29% for NULL and 5% for IMPLICITFULL). We
leave the full exploration of multilingual conversa-
tions to future work.

B.5 Reasoning Depth Analysis for
Measurement Unit (RQ2)

In §3.3 we have demonstrated that Pragmatic CoT
substantially improves performance over vanilla
CoT. Here we further study the structure of these
reasoning traces. To this end, we create a four-level
hierarchy (LO to L3) of cultural reasoning depth,
with increasing depth at each step; classification is
priority-ordered (L3 to L2 to L1 to LO), so a chain
is assigned the deepest level it reaches.

As summarized in Table 8: at L0, the chain
shows no cultural reasoning at all. At L1, the chain
barely mentions a cue without using it further (e.g.,
it notes A4 paper or Hancom Office but never infers
the user’s background). At L2, the chain makes
progress and binds a cue to an identity (e.g., rec-
ognizing Felipe Neto as a Brazilian influencer and
linking the user to a Brazilian background). Fi-
nally, at L3, the chain reaches the ideal pattern, us-
ing cues to infer the cultural background and then
using that background to drive the final answer.

To identify these depths, we use simple regular
expressions (regex). For L1, we match cue tokens
against our cultural-cue lexicon (the same lexicon
used during conversation generation). For L2, we
match patterns that bind a cue to an identity, such
as “the user is from [country]” or “[name] is a [de-
monym] name”. For L3, we additionally require a
causal connective (e.g., so, therefore, since) linking
an identity to a unit or measurement choice.

Figure 12 presents the CoT depth distribution,
measured on the IMPLICITFULL condition and ag-
gregated across the six objective concepts and ten
cultures. The primary finding is that Pragmatic

CoT substantially deepens the models’ reasoning
compared to plain CoT. For Gemma-4-E4B, for ex-
ample, L3 rises from 16% to 37% and L2 from 20%
to 41%. This suggests that default-mode reasoning
still falls short of the ideal pragmatic speaker, but
explicit guidance produces a large improvement.
Another takeaway is that model scale also helps
reasoning depth: smaller models retain a notice-
able intrinsic gap. For Qwen3-VL under Pragmatic
CoT, L3 rises from 71% (8B) to 97% (32B); the
Gemma-4 family shows the same trend, with L3
rising from 3% (E2B) to 37% (E4B) to 93% (31B).

Nevertheless, the regex is only an indicative mea-
sure, so we manually scrutinized its performance
on Qwen3-32B’s Pragmatic CoT. Among 10 sam-
pled L3 predictions, all are correct, each using a
causal link to bind background to unit prediction.
Among 10 sampled L2 predictions, 9 form an im-
plicit culture-to-unit link without the explicit dis-
course markers our regex requires. The remaining
one is more nuanced: the chain turns to other as-
pects after inferring the cultural background. For
example, after inferring from a mention of Morfix
(a Hebrew-English dictionary app) that the user is
Israeli, the model spends a long chain estimating
the desk at 1.2 m wide; when producing the final
answer, however, it still carries forward the inferred
cultural background and predicts 10 square meters.
We leave systematic evaluation and enhancement
of CoT depth to future work.

B.6 Visualization of Subjective Concepts
Prediction (RQ5)

In §4.1 (RQ5), we have shown that models have a
relatively small inter-cultural divergence (Dryter)
on subjective questions, even though more cues and
Pragmatic CoT do push the divergence up. We now
visualize one slice of this finding: Gemini-3.1’s
direct prediction on time expression for 10 clock
images (11 AM to 8 PM), shown in Figure 13.
From a bird’s-eye view, the 10 cultures share a
similar pattern. For example, IMPLICITCUEI flips
the prediction from “evening” to “night” in 9 of the
10 countries (South Korea is the only exception);
IMPLICITCUE2 then shifts the noon / afternoon
boundary in 7 of the 10 countries. The directions of
these shifts are aligned across cultures rather than
culturally specific. This suggests that the model
is indeed activated by cultural cues, but it moves
every country the same way rather than producing
culture-specific answers.



Level Definition Example

The chain contains no cultural
cue token at all; it reasons about
the image or number purely
visually, never invoking culture.

L0 No cultural reasoning. “The clock shows 17:00, which is 5 PM.”

“The user mentioned A4 documents and Hancom
Office, but the main question is the room’s size.”

The chain mentions a cultural
cue (a name, currency, platform,
unit, or country word) but never
binds it to a specific identity.

L1 Cue mentioned.

L2 Cue — Identity binding. The chain explicitly infers an
identity from a cue, committing

to where the user is from.

“The user mentioned Felipe Neto, a Brazilian
influencer, so maybe the user is from Brazil.”

The chain uses the inferred
identity to drive the final answer
via a causal connective.

L3 Identity — Answer binding. “Wait, the user is from China (Zhang Wei is a

Chinese name), so maybe the unit should be in km/h.”

Table 8: Definitions of our chain-of-thought depth levels (LO to L3). Classification is priority-ordered: L3 — L2 —
L1 — LO.
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Figure 12: Distribution of cultural-reasoning depth (LO to L3) under different reasoning settings. Pragmatic CoT
substantially deepens the reasoning across models.

B.7 Case Study for Models’ Responses on
Subjective Concepts (RQ6)

In §4.2 (RQ6), we analyze the cultural prior for
models under the subjective questions. We present
two case studies that illustrate how cultural cues
shift each model’s prediction on subjective con-
cepts. For each case, we show the conversa-
tion scaffold (with cue slots), the image and final
question, the per-country cue substitutions, and
the model’s predictions across the three cue lev-
els (NEUTRAL, IMPLICITFULL, EXPLICITFULL).
The NEUTRAL conversation replaces every [#cue]
slot with a culturally neutral expression; IMPLIC-
ITFULL fills the slots with culture-specific val-
ues; EXPLICITFULL additionally appends an “I am
from ...” phrase. Predictions that shift away from
the NEUTRAL baseline are highlighted in orange.

These cases concretize the per-culture diver-
gence scores Diyp and Dgyp) from §4.2: each
shifted cell in our prediction tables contributes to
one of those scores. Low divergence (the answer
unchanged from NEUTRAL) marks a culture as
closest to the model’s prior; high divergence (a
flipped answer) marks it as the most alien.

Case 1: Gemini-3.1 on quantifiers_eggs (ID16,
info-seeking scaffold).

user: This picture of eggs is interesting.
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Figure 13: Gemini-3.1’s predicted time of day (morning
/ noon [ afternoon [ evening / night) on 10 clock images
(11 AM to 8 PM, columns) under each cue level from
NULL to EXPLICITFULL (rows), across all 10 countries.

chatbot: Yes, it shows a basket filled with
what appear to be fresh eggs.

user: It’s a nice image. By the way, you can
call me [#cuel: Name-based cue].

chatbot: Noted, [#cuel]. Is there anything
specific in the image you’re curious about?
user: The way they’re arranged reminds me of
a composition in [#cue2: Music].

chatbot: That’s an interesting observation.
The arrangement does create a visual pattern.
user: Right. Getting back to the details,
what is the quantity of eggs?

Cue substitutions

Country [#cuel] [#cue2]

UsS Michael  Bluegrass

China Wei NetEase Cloud Music

Brazil Lucas Samba

Predictions

Country NEUTRAL IMPLICITFULL EXPLICITFULL
US some some some
China some some half
Brazil some half some

As reported in §4.2, Gemini-3.1 shows two pat-
terns worth contrasting: (1) China is the most alien
under Dgyp1, and (2) Brazil is the most alien un-
der Dipy,p1 but the closest under Dgypy. This case
demonstrates both. Gemini’s default answer for
this basket of eggs is “some”. The US prediction
never moves: US cues sit within Gemini’s prior, so
neither implicit (Michael, Bluegrass) nor explicit
cues change the count. China moves only under
the EXPLICITFULL cue (“I am from China”), shift-
ing to “half” once the identity is stated directly.
Brazil shows the opposite pattern: implicit cues
(Lucas, Samba) push the answer to “half”, but the
explicit “I am from Brazil” reverts it to “some”.
One reading is that implicit Brazilian cues overlap
with a broader Latin-American representation that
confuses Gemini, while the explicit Brazil label
commits it to a specific Brazilian prior.

Case 2: Qwen-32B on time expression.

user: This is quite an interesting building.
chatbot: It certainly has a classic look.
The brickwork is very detailed.

user: I agree. By the way, my name is
[#cuel: Name-based cue].

chatbot: Nice to meet you, [#cuel]. How can
I help you today?

user: This overcast weather makes it a good
day for some [#cue2: Sports].

chatbot: I agree, it’s perfect weather for
being active. Is there something specific I
can assist you with?

user: Yes, I was just looking at that clock
up there.

chatbot: The one with the Roman numerals?
user: What is the time on the clock?



Cue substitutions
Country [#cuel] [#cue2]

UsS Michael basketball
China Wei Zhang table tennis

Predictions

Country NEUTRAL IMPLICITFULL EXPLICITFULL

UsS morning
China morning morning morning

As reported in §4.2, Qwen-32B places China clos-
est to its prior and the US as the most alien culture.
This case shows what those scores look like at the
instance level. Qwen’s default reading of this clock
is “morning” (the NEUTRAL baseline). Chinese
cues (Wei Zhang, table tennis) leave the answer
untouched: the prior already leans Chinese, so the
implicit cues add no new information and the ex-
plicit “I am from China” only reaffirms the default.
US cues (Michael, basketball) instead flip the an-
swer to “afternoon’ as soon as they appear, and the
explicit “I am from the US” holds it there.



	Introduction
	Dataset
	Task Definition
	Cultural Variables
	Dataset Creation

	Do LLMs condition on culture when predicting measurement units?
	Experimental Setup
	Overall Performance (RQ1)
	Benefit of Reasoning (RQ2)
	Benefit of Scaling (RQ3)
	Models' Cultural Prior (RQ4)

	Do LLMs condition on culture when interpreting subjective expressions?
	Cultural Cues' Influence (RQ5)
	Sensitivity to Specific Cultures (RQ6)

	Related Work
	Conclusion
	Dataset Detail
	Ground-Truth Answer for Objective Measurement Unit
	Annotation Interface
	Human annotation detail
	Prompts for Generating Conversation Scaffold and Filling Scaffold
	Dataset Samples

	Experimental Details
	Model Details
	Inference Details
	Inference Prompt Details
	Case Study on Translated Conversation
	Reasoning Depth Analysis for Measurement Unit (RQ2)
	Visualization of Subjective Concepts Prediction (RQ5)
	Case Study for Models' Responses on Subjective Concepts (RQ6)


