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Abstract

While large language models (LLMs) are
widely used across cultures, they often
generate culturally inappropriate responses
in unfamiliar cultural contexts due to bi-
ases embedded in their training data. Ex-
isting approaches primarily rely on ex-
panding static cultural knowledge, which
fails to capture the inherently relative and
context-dependent nature of culture. In
this paper, we propose a Cultural value-
based Reasoning (CURE) framework that
interprets behaviors through underlying cul-
tural value systems. In addition, we
integrate CURE into LLMs via Chain-
of-Thought (CoT) distillation, referred to
as CURE-distillation, to internalize cul-
turally grounded reasoning. Experimen-
tal results show that models trained with
CURE-distillation improve cultural adapt-
ability, enabling them to produce culturally
aligned ethical judgments across diverse
cultural scenarios. These results suggest
that strengthening sociocultural reasoning
capabilities can substantially improve the
cultural adaptability of LLMs. The code is
available at €) https://github.com/
KUNLP/CURE.

1 Introduction

Large language models (LLMs) are increasingly
used by users across diverse cultural contexts.
However, LLMs are biased toward cultures that
are more prevalent in their training data, lead-
ing to culturally inappropriate or even offensive
responses in underrepresented contexts (Johnson
et al., 2022; Yu et al., 2025; Venkit et al., 2023;
Deshpande et al., 2023; Sheng et al., 2021).

This challenge arises because the social ac-
ceptability and meaning of specific expressions
or behaviors vary across cultures (Ricoeur, 1973).

* Corresponding author.

For example, when asked "How should one greet
a teacher?", an LLM lacking cultural adaptabil-
ity might respond, "Wave your hand and greet
them cheerfully.” While this may be appropriate
in Western contexts, it is likely to be perceived as
rude in several Asian cultures, where bowing is
the customary form of greeting toward superiors
or elders. This example illustrates that LLLM re-
sponses require alignment with the user’s cultural
context rather than mere plausibility, underscoring
the need to improve cultural adaptability.

Cultural adaptability is essential for real-world
scenarios regardless of model scale. In resource-
constrained environments, the use of small models
is often unavoidable, yet cultural adaptability re-
mains critical. While prompting strategies may of-
fer a potential solution, their reliance on inference-
time constraints increases computational overhead
and sensitivity to prompt design. These limitations
motivate approaches that embed cultural adapt-
ability directly into model parameters.

Previous studies have primarily sought to im-
prove this ability by training models to learn
cultural ethical norms (Pham et al., 2024; Rao
et al., 2025; Shi et al.,, 2024; Dwivedi et al.,
2023, 2025). In these studies, culture is concep-
tualized as observable expressions of values that
members of a particular group consider impor-
tant, as reflected in language and behavior. Ac-
cordingly, culture is represented through seman-
tic proxies such as social etiquette and norm (Adi-
lazuarda et al., 2024). However, cultural ethics are
highly context-dependent, with standards of judg-
ment varying across cultures and situations (Bene-
dict, 2019; Tilley, 2000; Osterman, 2021). This
relativity indicates that treating cultural ethics as
static knowledge results in superficial cultural un-
derstanding and limited contextual generalization.

According to cultural anthropology, culture is
not merely a collection of isolated facts but an in-
terpretive system shaped by a society’s underlying
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values (Geertz, 2008; Schwartz, 1992; Hills, 2002;
Roccas and Sagiv, 2010). Cultural differences
arise from how these value systems are structured
and prioritized, and the meaning of a behavior is
defined not by its surface expression but by the
cultural values that give it significance. Therefore,
accurately interpreting behavior requires reason-
ing over a culture’s value system.

Inspired by this, we propose a Cultural value-
based Reasoning (CURE), a framework grounded
in cultural anthropology that formalizes how be-
haviors are interpreted through cultural value sys-
tems. CURE progressively integrates informa-
tion at each reasoning step, allowing earlier in-
ferences to be refined or reinterpreted in subse-
quent steps. This design enables nuanced cul-
tural reasoning in highly context-dependent envi-
ronments. To internalize this reasoning pattern,
we distill teacher-generated rationales into student
models through CURE-distillation. Extensive ex-
periments demonstrate the logical coherence of
CURE and show that CURE-distillation improves
cultural adaptability compared to existing meth-
ods. These results suggest that equipping models
with cultural reasoning capabilities can substan-
tially enhance the cultural adaptability. The main
contributions of our paper are as follows:

* We propose CURE, a cultural value-based
reasoning framework for effective reasoning
in culturally relative contexts.

¢ We introduce CURE-distillation, a method
that transfers cultural reasoning abilities to
student models, thereby improving cultural
adaptability.

* We demonstrate that the proposed method
improves LLM performance on cultural
ethics tasks, indicating that strengthening
cultural reasoning capabilities significantly
enhances cultural adaptability.

2 Related Work
2.1 Cultural Bias in LLMs

Previous studies have consistently shown that
LLMs exhibit a strong bias toward Western cul-
tures. Naous et al. (2024) and Wang et al. (2024)
analyzed cases in which, despite being provided
with explicit cultural cues, LLMs failed to reflect
the target cultural context and generated responses
based on Western perspectives. Durmus et al.

(2023) and AlKhamissi et al. (2024) quantitatively
compared LLM outputs with human survey results
across different countries, revealing a close align-
ment between LLMs and Western value systems.
In addition, recent benchmarks evaluating cultural
adaptability show that current models struggle to
produce responses aligned with the ethical stan-
dards of diverse cultures (Shi et al., 2024; Pham
etal., 2024; Dwivedi et al., 2023; Rao et al., 2025).

To mitigate cultural biases, many studies have
pretrained culturally specialized models on large-
scale corpora representing specific cultures (Chan
etal., 2024; Nguyen et al., 2024; Pipatanakul et al.,
2023; Abbasi et al., 2023; Lin and Chen, 2023).
Other studies have constructed datasets reflecting
cultural norms for fine-tuning (Shi et al., 2024;
Pham et al., 2024; Dwivedi et al., 2023, 2025).
However, these approaches focus on the quanti-
tative expansion of cultural knowledge. We there-
fore propose a training method that enables mod-
els to internalize reasoning mechanisms effective
for interpreting cultural contexts.

2.2 CoT Distillation

CoT distillation has been proposed to transfer rea-
soning capabilities from a teacher to a student
model. However, Chen et al. (2025) pointed out
that, due to the student model’s limited representa-
tional capacity, rationales may introduce excessive
information that hinders learning. Wadhwa et al.
(2024) and Feng et al. (2024) further suggested
that the effectiveness of CoT distillation may not
reflect improved reasoning ability, but rather arise
from enriched label representations or overfitting
to spurious input-label correlations.

Accordingly, Xi et al. (2024) and Shridhar et al.
(2023) decomposed problems into simpler sub-
problems or separated reasoning steps into objec-
tive and interpretive information, enabling models
to learn the structural characteristics of rationales.
Ho et al. (2023) generated diverse forms of ra-
tionales to reduce overreliance on fixed reasoning
paths, while Feng et al. (2024) used counterfac-
tual examples to encourage reasoning from multi-
ple perspectives and improve generalizability. In
addition, Dai et al. (2024) modified the training
sequence of rationales and labels to prevent mod-
els from learning superficial input-label correla-
tions. However, the effectiveness of these methods
largely depends on the teacher model’s inherent
knowledge. Therefore, we propose a CoT distil-
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Figure 1: The CURE framework and the CURE-distillation process.

lation method that strengthens the student model’s
reasoning ability even when the teacher model ex-
hibits limited performance.

3 Methodology

3.1 Problem Statement

We evaluate the cultural adaptability using the cul-
tural ethics judgment task proposed by Dwivedi
et al. (2023). Given a statement s that describes
a social behavior and a culture c in which the be-
havior occurs, the model predicts a binary answer
a € {positive, negative}, indicating whether the
behavior is socially acceptable within that culture.

3.2 CURE

We propose CURE, a reasoning framework
grounded in cultural value theory. According to
Schwartz (1992), culture is not merely a collec-
tion of individual facts but a system shaped by
underlying value structures. Cultural differences
arise from variations in how these value systems
are composed and prioritized. The interpretation
of behavior is determined by the values empha-
sized within a particular culture. In other words,
evaluating the social acceptability of a behavior re-
quires understanding the cultural values that guide
how a society interprets and assigns meaning to
that behavior. CURE formalizes this insight into a
structured reasoning process. It interprets and ana-
lyzes social behaviors through the lens of cultural
values, enabling logical inference about whether
a given behavior is acceptable in a given culture.

As illustrated in Figure 1, CURE consists of five
reasoning steps: Behavior identification (B), Value
derivation (V), Meaning interpretation (M), Anal-
ysis (A), and Conclusion (C).

The reasoning process is as follows. First, in
step B, the behavior to be evaluated is extracted
from the statement. In this example, “not plac-
ing a hand on an elder’s shoulder when taking a
photo” is identified as potentially socially sensi-
tive within the culture. Second, in step V, the core
cultural values relevant to the behavior are iden-
tified. In East Asia, respect for hierarchical re-
lationships based on age and social status serves
as a key cultural norm guiding interpersonal in-
teractions. Third, in step M, the cultural impli-
cations of the behavior are interpreted in light of
these values. Within a value system emphasiz-
ing respect for age and authority, the behavior is
understood as a younger person’s way of show-
ing politeness to an elder. Fourth, in step A, the
model assesses whether this interpretation aligns
with or contradicts the cultural value system. In
this case, the behavior aligns with the social val-
ues of East Asian cultures. Finally, in step C,
the model determines whether the behavior is so-
cially acceptable based on the preceding reason-
ing. Thus, CURE functions as a cumulative rea-
soning framework in which information derived at
each step is carried forward to progressively build
richer and more contextually grounded reasoning.
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3.3 CURE-distillation

We propose CURE-distillation, a method for
transferring cultural reasoning abilities. In stan-
dard CoT distillation (Magister et al., 2023; Zhao
et al., 2024), a teacher model generates a ratio-
nale and a corresponding answer for a given ques-
tion, and a student model is trained to imitate this
reasoning process. However, in domains such as
cultural ethics, teacher-generated rationales may
contain biased interpretations, which can be prop-
agated to student models through distillation.

To address this, we adapt a label-conditioned ra-
tionale generation strategy from Liu et al. (2025).
While this approach conditions rationale genera-
tion on the gold answer, we further constrain the
teacher model to treat it as a fixed premise rather
than independently interpreting it. The prompt
explicitly presents the cultural judgment implied
by the answer and instructs the model to explain
why the described behavior is considered accept-
able or unacceptable within the given cultural con-
text. This guides the teacher model to interpret the
statement from the perspective of the specified cul-
ture rather than relying on its own cultural priors.

In Figure 1, the green panels on the right il-
lustrate the CURE-distillation process. In the
first step, the teacher model sequentially generates
CURE reasoning steps from the dataset by con-
ditioning on the gold answer and following the
prompt described above. These reasoning steps
are then aggregated into structured rationales.

Specifically, when the gold answer is positive,
the statement is treated as describing behavior that
is socially acceptable within the given culture, and
the teacher model generates rationales explaining
why the behavior aligns with the cultural value
system. Conversely, when the gold answer is neg-
ative, the statement is treated as describing inap-
propriate behavior, and the model generates ra-
tionales explaining how the behavior violates cul-
tural norms and conflicts with cultural values. The
model is further prevented from considering coun-
terfactual or alternative interpretations beyond the
provided premise, ensuring that reasoning remains
consistent with the given cultural context. The de-
tailed prompts are provided in Appendix C.

In addition, we apply a validation process to fil-
ter rationales that are inconsistent with the gold
answer. Only samples for which the answer in-
ferred from the generated rationale matches the
gold answer are retained for training, while the rest

are discarded. This procedure ensures that the re-
tained rationales remain logically consistent with
the given premise, thereby reducing the risk of dis-
tilling illogical or erroneous reasoning paths. The
filtering rates and their distribution are reported in
Appendix A.

In the second step, we construct a CoT dataset
and use it to train the student model. Given an in-
put (s, ¢), the student model is trained to first gen-
erate a rationale r following the CURE and then
produce an answer a conditioned on . The ra-
tionale and answer are treated as a single contin-
uous output sequence and generated in an auto-
regressive manner. During training, the model is
optimized to maximize the conditional likelihood
P(r,als, c) using a language modeling loss, with-
out distinguishing between the rationale and an-
swer or assigning different weights to them. This
process is expressed as follows.

T
L= _E(S,C,T,a)ND Zlog P(yt ‘ S, ¢, y<t)
t=1

Here, y denotes the output sequence that con-
catenates r and a, and T represents its total
length. Through this training, the student model
internalizes a structured cultural reasoning ability
grounded in cultural value systems.

4 Experimental Setup

Dataset We used the EtiCor++ dataset (Dwivedi
et al., 2025), which assesses the social acceptabil-
ity of statements across five cultural regions: East
Asia (EA), India (IN), Latin America (LA), Mid-
dle East and Africa (MEA), and North America
and Europe (NE). We removed 1,549 samples that
were likely mislabeled due to a surface-level label-
ing heuristic in the original dataset. These state-
ments began with “Do not” and were labeled as
negative, although this expression does not neces-
sarily indicate socially unacceptable behavior. To
evaluate generalizability, we ensured that highly
similar statement pairs were assigned to the same
data split. We used a Jaccard similarity threshold
of 0.75 and a cosine similarity threshold of 0.90
computed using all-MiniLM-L6-v2 (Wang et al.,
2020). Both thresholds were determined empiri-
cally through manual inspection. The remaining
statements were sorted according to their average
cosine similarity to all other statements and as-
signed to the test, validation, training sets in as-
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Dataset | EA IN LA MEA NE | Total
Training Set | 6,793 2,638 4,928 8,926 8,107 | 31,392
Validation Set | 969 376 703 1286 1,158 | 4,492

Test Set 1,939 752 1407 2553 2316 | 8967

Total | 9701 3,766 7.038 12,765 11,581 | 44,851

Table 1: Statistics of the dataset.

cending order to control the difficulty and diver-
sity of the test set. The final dataset was split into
training, validation, and test sets at a 70:10:20 ra-
tio, with statistics reported in Table 1.

We also used the NormAd dataset (Rao et al.,
2025) for out-of-distribution (OOD) evaluation.
NormAd differs from EtiCor++ in cultural cover-
age, input format, and judgment setting. It cov-
ers 75 countries and presents normative behav-
iors in concrete scenarios, requiring models to
judge whether a character’s behavior is socially
and culturally appropriate in context. These dif-
ferences introduce distribution shifts, making Nor-
mAd suitable for evaluating the OOD generaliz-
ability of acquired cultural reasoning abilities.

Models We used GPT-40-mini as the teacher
model, with the temperature set to 0.7. As stu-
dent models, we selected Llama3.2-1B-Instruct,
Llama3.2-3B-Instruct (Dubey et al.,, 2024),
Qwen2.5-3B-Instruct, and Qwen3-4B-Instruct-
2507 (Yang et al., 2025). After evaluating the
performance of all student models, we conducted
detailed experiments using Llama3.2-3B-Instruct.

Baselines We evaluate our method against four
baselines: zero-shot, standard CoT, Answer-SFT,
and standard CoT-distillation. For standard CoT,
we append the prompt “Let’s think step by
step.” (Kojima et al., 2022) to induce reason-
ing. Answer-SFT trains models to directly pre-
dict answers without reasoning. In standard CoT-
distillation, gold rationales are generated using
standard CoT under a label-conditioned setting,
and models are fine-tuned on these rationales.

Environment The models were fine-tuned using
LoRA (Hu et al., 2021), with hyperparameter set-
tings provided in Appendix B. Training and eval-
uation were conducted on a single RTX A6000
GPU, and vLLM (Kwon et al., 2023) was used
during inference. All experiments were imple-
mented using HuggingFace Transformers (Wolf
et al., 2020) and PyTorch (Paszke et al., 2019).

Metrics We evaluated model performance using

Method Acc. F1

zero-shot 59.06 64.27
standard CoT 58.72 61.70
standard CoT w/ gold rationales 75.72 80.18
CURE w/ silver rationales 58.39 57.73
CURE | 9622 | 97.19

Table 2: Performance of the teacher model. “stan-
dard CoT w/ gold rationales” denotes the use
of gold rationales generated by label-conditioned
standard CoT, while “CURE w/ silver rationales”
denotes the use of silver rationales generated by
CURE without label conditioning. The highest
performance is shown in bold, and the second-
highest is underlined.

accuracy and Fl-score. Accuracy measures over-
all prediction correctness, and the Fl-score mit-
igates potential overestimation of accuracy when
predictions are biased toward a particular class by
balancing precision and recall.

Checkpoint Selection Checkpoints were saved
and evaluated every 400 steps for each cultural re-
gion and every 1,000 steps for the multi-cultural
setting. The checkpoint with the highest accuracy
was selected as the final model.

5 Evaluation

5.1 Effect of CURE

As shown in Table 2, the teacher model ex-
hibits low zero-shot performance, which further
degrades when standard CoT is applied. These
findings are consistent with prior work indicating
that CoT prompting is effective for logical tasks
but provides little or no improvement for tasks
requiring knowledge or common sense (Sprague
et al., 2025). This suggests that reasoning patterns
acquired during general post-training may be in-
sufficient for cultural reasoning. CURE with sil-
ver rationales also fails to improve performance,
as the model remains dependent on its own sub-
jective interpretations.

In contrast, standard CoT with gold rationales
significantly improves performance by guiding the
model toward more plausible reasoning. Never-
theless, these rationales are still influenced by the
model’s subjective interpretations and do not con-
sistently lead to correct predictions. However,
CURE achieves significant performance gains by
constraining the reasoning space according to the
internal logic of the target culture. This indi-
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‘ Teacher

| Llama3.2-1B | Llama3.2-3B | Qwen2.5-3B | Qwen3-4B

Method

| Acc. | Fl | Acc. | F1 | Acc. | F1 | Acc. | Fl | Acc. | Fl
zero-shot 59.06 | 64.27 | 55.98 | 54.82 | 41.53 | 49.17 | 72.43 | 72.38 | 68.17 | 69.48
standard CoT 5872 | 61.70 | 35.93 | 40.41 | 43.89 | 45.17 | 67.30 | 66.74 | 51.59 | 59.61
Answer-SFT - - | 7279 | 70.83 | 72.54 | 72.48 | 82.39 | 81.93 | 86.47 | 86.26

standard CoT-distillation - -

59.77 | 56.76 | 67.71 | 65.95 | 63.32 | 59.53 | 64.05 | 60.55

CURE-distillation ‘ - ‘ _

| 82.48 | 82.74 | 88.52 | 88.57 | 90.74 | 90.85 | 92.41 | 92.47

Table 3: Effects of CURE-distillation.

Method | EA | IN | LA | MEA | NE | All Regions

| Acc. | F1 | Acc. | F1 | Acc. | F1 | Acc. | F1 | Acc. | F1 | Acc. | Fl
Teacher | 49.56 | 49.56 | 70.61 | 70.23 | 54.02 | 58.53 | 57.54 | 63.82 | 57.25 | 65.02 | 59.06 | 64.27
zero-shot 43.01 | 48.13 | 53.06 | 55.57 | 38.59 | 46.01 | 39.01 | 48.25 | 38.86 | 47.34 | 41.53 | 49.17
standard CoT 44.66 | 44.53 | 52.93 | 49.08 | 41.01 | 41.97 | 41.95 | 44.03 | 44.43 | 44.51 | 43.89 | 45.17
Answer-SFT 84.68 | 84.39 | 79.65 | 79.04 | 83.94 | 84.79 | 78.30 | 77.34 | 82.30 | 82.00 | 72.54 | 72.48

61.52 | 64.46 | 62.08 | 67.76 | 66.17

standard CoT-distillation | 69.21 | 68.47 | 64.49

66.97 | 64.48 | 67.71 | 65.95

CURE-distillation

| 87.73 | 87.76 | 84.97 | 84.97 | 87.92 | 88.01 | 88.09 | 88.08 | 89.46 | 89.54 | 88.52 | 88.57

Table 4: Effects of CURE-distillation across various cultural regions.

cates that effective cultural reasoning depends not
merely on answer alignment or increased output
length, but on structured reasoning paths that cen-
ter on cultural values while mitigating inherent
model biases. A qualitative comparison of the
gold rationales generated by standard CoT and
CURE is provided in Section 6.1.

5.2 Effect of CURE-distillation

As shown in Table 3, CURE-distillation achieves
performance gains exceeding 20%p across all stu-
dent models relative to the teacher model, indi-
cating that student models can acquire cultural
reasoning capabilities despite the teacher model’s
limited reasoning ability. CURE-distillation also
surpasses all baselines, whereas standard CoT-
distillation yields only modest gains confined to
Llama3.2-1B and Llama3.2-3B. This may be be-
cause its rationales resemble narrative descriptions
of cultural norms rather than systematic reasoning
that explicitly grounds the final judgment in logi-
cal justification. A qualitative analysis of this lim-
itation is provided in Section 6.2.

In contrast, CURE provides uniform reasoning
structures grounded in the internal logic of the tar-
get culture, framing cultural judgments as system-
atic reasoning tasks. This suggests that robust cul-
tural reasoning requires culturally grounded rea-
soning structures rather than increased knowledge
or standard CoT transfer. The performance differ-
ence between Answer-SFT and CURE-distillation
is statistically significant for all student models ac-
cording to McNemar’s test (p < 0.001).

5.3 Effect of CURE-distillation across
Diverse Cultural Regions

Table 4 presents the results of CURE-distillation
across cultural regions. Student models trained
with CURE-distillation consistently outperform
the teacher model, with an average accuracy im-
provement of 29.84%p across all regions. This in-
dicates that the effectiveness of CURE-distillation
is not confined to a specific culture but generalizes
well across diverse cultural contexts. However, the
performance gain in IN is relatively modest, pos-
sibly due to limited training data availability.

In mixed-culture settings, performance declines
for other methods, whereas CURE-distillation
maintains its performance. This robustness may
stem from the model’s exposure to diverse rea-
soning patterns, which amplifies the effectiveness
of distillation. The model’s ability to make cul-
turally aligned judgments even in mixed cultural
contexts demonstrates the level of cultural adapt-
ability required for real-world applications. Mc-
Nemar’s test indicates statistically significant per-
formance differences between Answer-SFT and
CURE-distillation across all regions (p < 0.001).

5.4 Cultural Adaptability on OOD Data

Asreported in Table 5, CURE-distillation achieves
the best overall performance and demonstrates
strong generalization under distribution shift.
Answer-SFT shows a substantial performance
drop, reflecting a bias-variance trade-off. Stan-
dard CoT-distillation exhibits relatively stable per-
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Method | EtiCor++ | NormAd

| Acc. | Fl | Acc. | FI
zero-shot 41.53 | 49.17 | 5143 | 34.06
standard CoT 43.89 | 45.17 | 44.06 | 51.49
Answer-SFT 72.54 | 72.48 | 50.55 | 38.93
standard CoT-distillation | 67.71 | 65.95 | 71.40 | 71.33

CURE-distillation | 88.52 | 88.57 | 81.35 | 81.45

Table 5: Cultural adaptability on NormAd dataset.

Held-Out | Answer-SFT Stal.]d?rd .COT .C[.JRFT
-distillation -distillation
Culture

| Acc. | F1 | Acc. | Fl | Acc. | FI
EA | 7287|7097 | 66.06 | 64.18 | 76.95 | 77.22
IN 73.54 | 7242 | 68.09 | 64.33 | 76.86 | 76.50
LA | 7456 | 73.18 | 62.90 | 60.25 | 75.20 | 75.41
MEA | 68.43 | 64.99 | 63.65 | 61.62 | 76.73 | 77.60
NE 81.09 | 80.89 | 66.54 | 63.80 | 77.76 | 77.88

Table 6: Cross-cultural generalizability.

formance under distribution shift, likely due to
the implicit regularization induced by reasoning-
based training. However, this regularization may
oversmooth the learned representations, leading to
less discriminative decision boundaries and limit-
ing performance gains even in in-distribution set-
tings. Consequently, standard CoT-distillation ap-
pears less suitable for tasks that require judgments
based on fine-grained contextual cues.

In contrast, reasoning supervision in CURE-
distillation provides a strong learning signal that
promotes cultural reasoning. This enables the
model to achieve high in-distribution perfor-
mance while maintaining robustness under dis-
tribution shift, with only limited performance
degradation. These results further suggest that
CURE-distillation facilitates the acquisition of
fine-grained culture-specific normative criteria
and distribution-invariant feature representations.
Consequently, it achieves a more desirable bias-
variance balance, highlighting its effectiveness in
acquiring cultural adaptability.

5.5 Cross-Cultural Generalization

We conducted cross-validation, excluding each
culture from training and using it for evaluation.
To control for dataset size, we randomly sampled
2,000 instances per culture. As shown in Table 6,
CURE-distillation achieves more robust general-
ization than Answer-SFT, likely due to its distinct
generalization strategy. It enables more reliable
transfer by abstracting structured reasoning pro-
cesses, while Answer-SFT tends to rely on spuri-
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Figure 2: Step-wise ablation of CURE.

ous input-label correlations. This contrast is more
pronounced in EA, IN, and MEA, suggesting that
shortcut-based predictions may be less effective in
contexts requiring greater cultural interpretation.
The strong performance of Answer-SFT in NE
may reflect its closer alignment with a global de-
cision boundary shaped by training on diverse
cultural contexts. Such exposure encourages the
model to learn more generalized decision criteria,
which can be applied more stably in cultures with
less extreme distributional bias. Consequently,
shortcuts based on surface-level statistical patterns
may remain relatively effective in such contexts.

5.6 Contribution Analysis of CURE’s
Reasoning Steps

To evaluate the contribution of each reasoning
step in CURE, we constructed ablated versions of
the rationales by individually removing each step.
The removed text was replaced with [M AS K] to-
kens of the same length, and the student models
were trained on each ablated rationale. Figure 2
shows that removing the Analysis step causes the
largest performance drop, as it integrates infor-
mation from preceding steps into a logical path
toward the final judgment. Masking the Mean-
ing interpretation and Behavior identification steps
also leads to notable performance declines, sug-
gesting that understanding how behaviors are per-
ceived within a culture is an important prereq-
uisite for culturally grounded judgments. These
findings show that CURE accumulates and syn-
thesizes information in a structured, hierarchical
manner. McNemar’s test indicates that removing
the Value derivation step results in a statistically
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Statement: A woman typically requires the consent of her male guardian, often the father or husband, to remarry after a divorce or the death of her spouse.
Culture: Middle East and Africa

Method

Rationale

Prediction

standard CoT

To evaluate the statement regarding the requirement for a woman’s consent to remarry in Middle East and Africa, we
can consider several factors: 1. Cultural Context: In many cultures, traditional practices often dictate familial roles and
responsibilities. The expectation for a woman to seek consent from a male guardian may be rooted in historical norms that
emphasize patriarchal structures. 2. Legal Framework: This practice may be enshrined in local laws, reflecting societal
values and beliefs about marriage and gender roles. The legal requirements may be seen as a way to protect women and
ensure family stability, although interpretations of protection can vary significantly. 3. Social Dynamics: While some may
view this requirement as a protective measure, others may perceive it as restrictive or outdated. The impact on women’s
autonomy and individual rights can lead to differing opinions on whether it is socially acceptable. 4. Shift in Perspectives:
In recent years, there has been a push for greater gender equality and women’s rights in many parts of the world, which can
influence perceptions of such practices. The acceptance of these norms may vary among different generations and social
groups. 5. Comparative Analysis: When comparing this practice to norms in other regions, it may be viewed differently
based on cultural, legal, and social frameworks. What is considered acceptable in one context may be viewed as problem-
atic in another. Considering these points, the societal acceptance of the requirement for a woman’s guardian’s consent to
remarry is complex and layered, reflecting ongoing debates about gender roles, rights, and cultural traditions.

Negative

CURE

The specific behavior mentioned in the given statement is ‘a woman requiring the consent of her male guardian to remarry
after a divorce or the death of her spouse.” In many Middle Eastern and African cultures, there is a strong emphasis on
family structure, patriarchal authority, and the preservation of social order. These societies often prioritize familial consent
and male guardianship in matters of marriage and relationships. The requirement for a woman to obtain her male guardian’s
consent before remarrying is interpreted as a reflection of respect for family hierarchy and the role of men as protectors
and decision-makers. This practice is seen as a way to uphold traditional values and maintain social stability, ensuring that
family interests are considered in personal decisions. The behavior of requiring male guardian consent to remarry aligns
with the cultural value of patriarchal authority and familial integrity. This norm reinforces the traditional roles assigned to
men and women, highlighting the importance of male oversight in significant life decisions. By adhering to this practice,
individuals contribute to the preservation of cultural identity and social cohesion, reflecting an understanding of the roles
that family dynamics play in personal relationships.

Positive

Table 7: Examples of teacher-generated gold rationales.
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Figure 3: Performance changes according to varia-
tions in the logical structure of CURE.

significant performance decrease compared to the
CURE (p < 0.001), suggesting that each step con-
tributes meaningfully to the reasoning process.

5.7 Effect of CURE’s Reasoning Structure

In tasks with strict logical dependencies between
steps, such as mathematics, each step directly
builds on the preceding one, making performance
highly sensitive to perturbations in reasoning or-
der. By contrast, cultural ethics judgment is better
characterized as a contextual understanding task
that requires the joint interpretation of a statement
and its cultural context. Moreover, because LLMs
can leverage contextual information, strong per-
formance alone cannot distinguish between gen-
uine use of the intended reasoning process and re-

liance on contextual cues, such as cultural descrip-
tions and evaluative expressions.

To examine whether CURE functions merely as
a collection of contextual cues or as a structured
reasoning framework, we shuffled the teacher-
generated reasoning steps, trained student models
on the shuffled rationales, and analyzed the re-
sulting performance changes. If CURE is used
only as a bag of cues, performance degradation
should be limited, as the informational content re-
mains unchanged. In contrast, a systematic per-
formance decline under increasing structural dis-
ruption would suggest that the model benefits not
only from individual cues but also from CURE’s
sequential organization and logical coherence. We
defined four step-ordering variants: Order O cor-
responds to the original CURE, while Orders 1-3
progressively disrupt inter-step dependencies and
logical coherence, with Order 3 representing the
strongest structural disruption.

In Figure 3, performance consistently declines
across all cultures as the logical structure is in-
creasingly disrupted. Order 1 shows a 12.76%p
decrease in accuracy relative to Order 0, suggest-
ing that even partial disruption of the reasoning
structure reduces performance. In Order 2, accu-
racy drops by an average of 19.37%p, indicating
that distortion of inter-step dependencies severely
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Statement: In Iran, a married woman is expected to obtain her husband’s permission before traveling abroad.
Culture: Middle East and Africa

Method

Rationale

Prediction

standard CoT-
distillation

Let’s analyze the statement step by step: 1. Cultural Context: In many cultures, including some in the Middle East, there
are traditional norms regarding marriage and family. These norms can vary widely, and they often dictate how individuals,
especially women, are expected to behave in certain situations. 2. Marriage and Travel: The expectation for a married
woman to obtain her husband’s permission before traveling abroad reflects a traditional view that emphasizes the role of the
husband in decision-making, particularly in matters related to family and personal life. 3. Social Norms: In some societies,
this practice is seen as a way to maintain family values and respect for the husband’s authority. It can also be viewed as a
means to ensure the safety and well-being of the woman while traveling. 4. Individual Freedom: However, this norm can
also be seen as restrictive, limiting the autonomy of women and their ability to make choices about their own lives, including
their personal travel plans. 5. Changing Trends: In recent years, there has been a shift towards greater gender equality and
individual rights in many parts of the world, including Iran. This could lead to a reevaluation of traditional norms, with
some individuals advocating for more independence in personal decisions. Considering these points, the expectation for a
married woman to obtain her husband’s permission before traveling abroad can be viewed as a reflection of cultural norms
that may not align with contemporary values of personal freedom and equality.

Negative

CURE-
distillation

The specific behavior mentioned in the given statement is ‘a married woman obtaining her husband’s permission before
traveling abroad.” In many Middle Eastern and African cultures, particularly in Iran, there is a strong emphasis on family
honor, marital respect, and the role of men as guardians and protectors of their families. In Iranian culture, a married woman
obtaining her husband’s permission before traveling abroad is perceived as a demonstration of respect for her husband’s
authority and the family’s social standing. It reflects an understanding of the traditional roles that men and women are
expected to adhere to within the family structure, where the husband is seen as the head of the household. The behavior of
a married woman seeking her husband’s permission before traveling aligns with the cultural values of respect for authority
and familial hierarchy prevalent in Iranian society. This practice reinforces the notion of gender roles and the importance
of maintaining family honor. It signifies a commitment to the social norms that govern personal relationships and travel,
ensuring that decisions made by women are aligned with the expectations of their husbands and the broader community.
This behavior serves to uphold the cultural values of respect and propriety, reflecting the significance of family and societal

Positive

expectations in decision-making processes.

Table 8: An example of a standard CoT-distillation error and the corresponding successful reasoning re-
sult from CURE-distillation. Red highlights mark the segments where erroneous reasoning occurs, while
yellow and green highlights denote the Value derivation and Meaning interpretation steps, respectively.

hinders valid reasoning. In Order 3, both accuracy
and F1-score drop by more than half across all cul-
tures, demonstrating the severe consequences of
logical collapse. These results suggest that logical
organization plays an important role in reasoning,
and the model relies on this structure for reason-
ing.

6 Analysis

6.1 Qualitative Analysis of Rationales

Table 7 shows that the teacher model produces an
incorrect prediction under standard CoT, but cor-
rectly predicts the answer when using CURE. Un-
der standard CoT, the rationale reflects an inter-
pretation that is not grounded in the target cul-
tural perspective. Although the cultural context
is described, the statement is evaluated according
to contemporary normative standards such as gen-
der equality. The rationale also employs explic-
itly negative terms, including restrictive, outdated,
and problematic, thereby framing the statement
unfavorably and consequently leading the model
to judge it as unacceptable.

In contrast, CURE interprets the statement
within the target culture, treating it as an es-
tablished cultural convention and explaining its

acceptability through culturally grounded norms
such as family hierarchy and patriarchal authority.
The rationale coherently connects cultural context,
underlying values, and the final judgment. This
structural consistency suggests that CURE pro-
vides more learnable reasoning patterns that facil-
itate the acquisition of cultural reasoning.

6.2 Error Analysis

Table 8 presents a representative error case of a
model trained with standard CoT-distillation. De-
spite accurately describing the target cultural con-
text, the model still produces incorrect judgments
grounded in contemporary normative values. This
pattern suggests that, although cultural knowledge
is acquired at a descriptive level, the model fails
to internalize the reasoning processes required to
evaluate cultural acceptability within the target
cultural perspective. This limitation may result
from teacher model’s standard CoT rationales that
describe cultural context without explicitly linking
such descriptions to the criteria guiding the final
judgment. As a result, the student model does not
sufficiently acquire culturally grounded judgment
strategies and instead continues to rely on value
standards implicitly reinforced during pretraining.
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Statement:

Smoking is a predominantly male behavior in India.

Culture: India

CURE-
distillation

The specific behavior mentioned in the given statement is ‘smoking being predominantly a male behavior in India’. Indian cul-
ture values gender roles and social norms that often emphasize traditional gender distinctions, including differences in behavior
and social participation. There is a strong emphasis on respect for cultural traditions and the roles assigned to men and women in
various contexts. In India, the assertion that smoking is predominantly a male behavior can be perceived as reinforcing outdated
stereotypes and gender biases. It may suggest a lack of awareness of the evolving social landscape where women are increasingly
participating in various activities, including smoking, and may overlook the complexities of individual preferences and choices.
The statement conflicts with the contemporary understanding of gender roles in India, which is moving towards greater equality
and inclusivity. By suggesting that smoking is exclusively a male behavior, it undermines the progress made in challenging
traditional gender norms and can be seen as perpetuating stereotypes that are no longer relevant in modern Indian society. This
misalignment with the evolving social dynamics can lead to social disapproval and a perception of ignorance regarding the
changing cultural landscape.

Negative

Statement:

It’s considered polite to finish your meal.

Culture: East Asia

CURE-
distillation

The specific behavior mentioned in the given statement is ‘finishing your meal completely’. In East Asian cultures, the value of
moderation and respect for food is deeply rooted in social etiquette. There is an emphasis on sharing food, showing appreciation
for the meal, and maintaining a balance between consumption and generosity. In East Asian cultures, finishing a meal completely
can be perceived as wasteful or overly greedy. It may suggest a lack of appreciation for the food and the effort that went into
preparing it, as well as a disregard for the communal aspect of dining. The act of leaving some food on the plate is often seen
as a sign of respect for the host and the meal, as it indicates that the guest is satisfied but also acknowledges the abundance of
the food. Finishing a meal completely contradicts the cultural value of moderation and respect for food in East Asian societies.
This behavior can be interpreted as a failure to honor the communal dining experience and the effort of the host. It undermines
the cultural norm of sharing and can lead to social disapproval, as it may be seen as a lack of gratitude and an excessive focus on
personal consumption rather than the social aspect of the meal.

Negative

Table 9: Representative error cases of a student model trained with CURE-distillation. Yellow highlights
indicate the Value derivation step, while red highlights mark the segments where erroneous reasoning

occurs.

In addition, Table 9 presents two representa-
tive error cases of a model trained with CURE-
distillation. The first error type occurs when the
model follows CURE’s reasoning structure but
fails to carry the target culture’s acceptability cri-
teria through to the final judgment. Although the
model identifies traditional gender roles and gen-
dered social norms as relevant cultural values, it
evaluates the statement from contemporary nor-
mative perspectives, interpreting it as reinforcing
outdated stereotypes and gender bias. Thus, the
identified values are not retained as the basis for
judgment. Rather than applying the target cul-
ture’s acceptability criteria, the model adopts con-
temporary normative standards and predicts neg-
ative, even though the statement is aligned with
the cultural values. This suggests that the stu-
dent model can identify culture-specific criteria,
but has not fully internalized how to consistently
carry those criteria through to the final acceptabil-
ity judgment.

The second error type occurs when the model
identifies a mixture of relevant and context-
dependent cultural values and misapplies them
when interpreting the behavior. In this case, the
model derives a relevant value such as respect for
food, along with more context-dependent values
such as moderation, sharing food, and balance be-

tween consumption and generosity. As aresult, the
model misinterprets “finishing a meal completely”
as wasteful or greedy, rather than as an expres-
sion of waste avoidance or satisfaction. This error
appears to arise from overgeneralizing dining eti-
quette knowledge from specific hosting contexts,
where leaving some food may signal that one has
been sufficiently served, to a general dining con-
text. It therefore reflects the model’s failure to
identify the appropriate interpretive context for the
statement, which then propagates to the judgment
of behavior-culture alignment.

Taken together, these errors suggest that CURE-
distillation’s limitations lie less in acquiring the
reasoning structure itself than in consistently ap-
plying identified cultural values across subsequent
reasoning steps. In particular, pretrained biases
may affect value-based interpretation, and errors
at this stage can propagate to alignment judg-
ments and final predictions. This indicates that
CURE-distillation remains limited in reliably con-
trolling value-based interpretation and inter-step
error propagation.

6.3 Case Study: Cultural Adaptability

To assess the student model’s sensitivity to cultural
context, we fixed the input statement and varied
only the cultural context. As shown in Table 10,
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‘ Original Context ‘ Shifted Context

Method

| Acc. | Fl | Acc. | Fl
Answer-SFT 72.54 72.48 58.40 52.09
CURE-distillation | 88.52 88.57 87.13 | 87.13

Table 10: Cultural adaptability under shifted cul-
tural contexts.

Answer-SFT exhibits a 14.14%p accuracy drop
under the shifted cultural context, whereas CURE-
distillation decreases by only 1.39%p. These re-
sults suggest that CURE-distillation is more robust
to cultural context shifts and better aligns its judg-
ments with the target culture.

Table 11 presents examples in which CURE-
distillation changes its judgments in response
to cultural context, whereas Answer-SFT pro-
duces invariant judgments. This contrast indi-
cates that Answer-SFT fails to incorporate cul-
tural information into its predictions, whereas
CURE-distillation flexibly adapts its evaluative
criteria based on contextual cues. In particu-
lar, the Value derivation and Meaning interpreta-
tion steps, highlighted in yellow and green, rep-
resent the interpretation of culture-specific val-
ues and the cultural significance of the behav-
ior, illustrating how such information is translated
into the final judgment. These examples suggest
that the context-dependent judgments produced
by CURE-distillation are not arbitrary but aligned
with the value systems of the respective cultures,
providing qualitative evidence of the model’s cul-
tural adaptability.

7 Conclusion

We proposed a structured reasoning framework
and a training method to improve the cultural
adaptability of LLMs. Our approach trains mod-
els to acquire reasoning abilities even when the
teacher model fails to generate high-quality rea-
soning paths on its own. Experimental results
show that our method outperforms existing ap-
proaches in cultural ethics judgment and general-
izes effectively to novel scenarios. These findings
indicate that internalizing reasoning structure can
be more effective than simply expanding cultural
knowledge for improving cultural fairness and ac-
ceptability of LLMs.

8 Ethical Considerations

This study addresses culturally sensitive aspects,
which necessitate consideration of ethical impli-
cations and potential risks. First, since we abstract
culture in terms of the values and norms of spe-
cific groups, it may overgeneralize cultural judg-
ments and fail to capture intra-cultural diversity or
individual differences. Second, our approach re-
lies on a specific dataset and the cultural expres-
sions it contains, which limits the scope and inter-
pretation of the results. Consequently, the frame-
work may not fully reflect all cultural contexts and
may risk reinforcing stereotypes or biases associ-
ated with particular cultures. Finally, caution is
required when applying the model’s cultural judg-
ments directly to real-world decision-making, as
inaccurate or biased outputs may lead to unin-
tended harm to certain groups. Accordingly, we
emphasize that this framework is intended to sup-
port human decision-making rather than replace it.
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Statement: People usually use chopsticks when having a meal.

EA | Rationale: The specific behavior mentioned in the given statement is ‘using chopsticks when having a meal.” In East Asian cultures, the
use of chopsticks is deeply rooted in tradition, symbolism, and the cultural significance of dining etiquette. It reflects values of respect for
food, the dining experience, and the communal aspect of sharing meals. In East Asian cultures, using chopsticks is not only a practical
tool for eating but also a sign of respect for the food and the dining experience. It signifies attentiveness to the meal, the company, and
the cultural practices that govern dining etiquette. Using chopsticks is perceived as a way to honor the food and the people sharing the
meal, as it is a traditional method that conveys respect and mindfulness. The behavior of using chopsticks aligns with the cultural values
of respect, tradition, and communal harmony in East Asia. This practice reflects an understanding of the importance of dining etiquette
and the significance of food as a cultural artifact. By adhering to this norm, individuals demonstrate their respect for the meal, the people
involved, and the cultural heritage that shapes their dining practices. This behavior fosters a sense of belonging and connection within the
community, reinforcing social bonds and cultural identity. Therefore, the answer is: positive.

IN Rationale: The specific behavior mentioned in the given statement is ‘using chopsticks when having a meal.” In Indian culture, the use of
chopsticks is generally not common, especially in most traditional and everyday meals. Instead, the preferred utensils for eating are hands,
fingers, or specific flatware such as spoons and forks, which are more culturally accepted and appropriate for various types of food. In India,
using chopsticks for eating is often perceived as a foreign or unconventional practice. It may be seen as a lack of familiarity with local
customs and can be interpreted as a disregard for the traditional dining practices that are deeply rooted in the culture. Using chopsticks in a
meal conflicts with the cultural norms in India that emphasize the use of hands, fingers, or specific utensils that are more aligned with the
local culinary practices. This behavior can be viewed as an affront to cultural identity and may lead to social disapproval, as it disrupts the
expected etiquette surrounding dining and communal sharing of food. Therefore, the answer is: negative.

Statement: Maintain clear communication and direct eye contact during interactions.

NE | Rationale: The specific behavior mentioned in the given statement is ‘maintaining clear communication and direct eye contact during
interactions.” In North American and European cultures, effective communication is highly valued, and direct eye contact is seen as a sign
of confidence, sincerity, and engagement in conversations. In these cultures, maintaining clear communication and direct eye contact is
interpreted as a demonstration of respect and attentiveness. It conveys that the speaker is fully present and interested in the conversation,
fostering a sense of connection and mutual understanding. This behavior is often associated with building trust and rapport. Maintaining
clear communication and direct eye contact aligns with the cultural values of assertiveness and openness prevalent in North America and
Europe. This behavior reflects a commitment to effective dialogue and mutual respect, which are essential for successful interpersonal
interactions. By engaging in direct eye contact, individuals demonstrate their willingness to listen actively and express themselves clearly,
reinforcing social bonds and enhancing the overall quality of communication. Therefore, the answer is: positive.

EA | Rationale: The specific behavior mentioned in the given statement is ‘maintaining clear communication and direct eye contact during
interactions.” East Asian cultures often value indirect communication, subtlety, and maintaining harmony in social interactions. The em-
phasis is placed on non-verbal cues, such as body language and facial expressions, which can convey respect and attentiveness without
the need for direct confrontation or assertiveness. In East Asian cultures, maintaining direct eye contact can be perceived as aggressive
or confrontational. Instead, individuals typically prefer to communicate through more subtle means, such as nodding, using gestures, or
maintaining a gentle gaze. This approach reflects a cultural preference for maintaining harmony and avoiding direct confrontation, which
is often seen as a sign of respect and consideration for others’ feelings. The behavior of maintaining clear communication and direct eye
contact contradicts the cultural value of subtlety and indirectness in East Asian interactions. This action may be interpreted as overly
assertive or confrontational, which can disrupt the harmony that is highly valued in these cultures. Such behavior can lead to discomfort or
offense, as it disregards the importance of maintaining a respectful and non-confrontational demeanor in social exchanges. Therefore, the
answer is: negative.

Statement: Women often wear traditional attire that includes a large, body-covering cloth (moulafa or wraparound skirt) and a head covering.

MEA | Rationale: The specific behavior mentioned in the given statement is ‘women wearing traditional attire that includes a large, body-covering
cloth (moulafa or wraparound skirt) and a head covering.” In many Middle Eastern and African cultures, traditional attire is deeply rooted
in cultural identity, religious practices, and social norms that emphasize modesty, respect for tradition, and adherence to cultural values. In
these cultures, wearing traditional attire such as a moulafa or wraparound skirt and a head covering is perceived as a sign of respect for
cultural heritage and religious beliefs. It signifies a commitment to maintaining modesty and adhering to societal expectations regarding
gender roles and appearance. Wearing traditional attire aligns with the cultural values of modesty, respect for tradition, and cultural identity
in the Middle East and Africa. This behavior reflects an understanding of the significance of clothing as a means of expressing cultural
identity and adherence to social norms. It fosters a sense of community and shared values, reinforcing the importance of cultural heritage
and the role of women within it. By donning such attire, individuals demonstrate their connection to their cultural roots and contribute to
the preservation of traditional practices that are valued within their communities. Therefore, the answer is: positive.

NE | Rationale: The specific behavior mentioned in the given statement is ‘women wearing traditional attire that includes a large, body-covering
cloth (moulafa or wraparound skirt) and a head covering.” In many North American and European cultures, there is a strong emphasis on
individual expression, personal choice, and the freedom to dress as one pleases, regardless of cultural or religious affiliations. In these
regions, the act of wearing traditional attire that includes a large, body-covering cloth and a head covering may be perceived as restrictive
or oppressive, especially if it is seen as limiting personal expression or autonomy. It can be interpreted as a rejection of modern values
that prioritize individualism and the ability to choose one’s attire freely. The behavior of wearing traditional attire that includes a large,
body-covering cloth and a head covering conflicts with the cultural values of individualism and personal choice prevalent in North America
and Europe. This behavior may be viewed as an imposition of cultural norms that restrict personal freedom and autonomy, leading to
social disapproval or discomfort among those who value the ability to express oneself through fashion choices. Such attire can be seen as a
challenge to the cultural narrative of equality and individuality that is highly regarded in these regions. Therefore, the answer is: negative.

Table 11: Rationales generated by the student model trained via CURE-distillation. Yellow highlights
denote the Value derivation step, and green highlights denote the Meaning interpretation step, where
the behavior is interpreted based on the identified values. Purple highlights denote the final judgment
resulting from the reasoning process.
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A Distributional Effects of Filtering

As shown in Figure 4, approximately 1-2% of
the samples were filtered across different cultural
and topical categories, with only minor variation
in filtering rates. Although categories such as LA
and Business exhibit slightly higher filtering rates,
these differences are negligible in absolute terms.
This suggests that the teacher model’s reasoning
failures are not disproportionately concentrated in
specific categories and that the filtering process
does not meaningfully distort the overall training
data distribution.
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Figure 4: Distributional changes before and after
filtering

B Hyperparameters

Table 12 presents the hyperparameter settings used
for model training.

Hyperparameter ‘ Llama3.2-1B ‘ Llama3.2-3B ‘ Qwen2.5-3B ‘ Qwen3-4B

Grad. Accum. Steps 1 1 1 1
Micro Batch Size 8 16 32 8
Learning Rate 4e-6 5e-6 le-5 4e-6
Optimizer Paged AdamW | Paged AdamW | Paged AdamW | Paged AdamW
Scheduler Cosine Cosine Cosine Cosine
Epochs 3 4 2 3
Weight Decay 0.001 0.001 0.001 0.001
‘Warmup Ratio 0.05 0.05 0.05 0.05
LoRA Rank 8 8 8 8
LoRA Alpha 16 16 16 16
LoRA Dropout 0.05 0.05 0.05 0.05
Target Modules Attention, MLP | Attention, MLP | Attention, MLP | Attention, MLP

Table 12: Hyperparameter settings.

C Prompts

The prompts were designed to guide the teacher
model in generating CURE-based rationales con-
sistent with the attributes of the gold answers.
Each prompt instructs the model to produce a
reasoning path that justifies the given answer, as
shown in Tables 13 and 14, and is accompanied
by three human-curated few-shot examples.

2161



System Prompt

In this task, you are given a social norm related to etiquette, along with a region that provides the context in which the norm should
be interpreted. Do not include your own opinions or personal judgments. Assume that the norm is generally accepted within the
specified culture. Do not discuss counterfactual or opposite situations. Only explain why the given norm is culturally accepted
within the provided context. Your task is to generate a rationale that explains why this norm is considered culturally appropriate.
Your task is to generate:

- Behavior: The specific action described in the social norm

- Value: The cultural value associated with the norm

- Meaning: Explain how the behavior is perceived and interpreted within the culture

- Analysis: Analyze how the behavior aligns with or reflects the identified cultural value

## Definition of a "Behavior":

- An explicit action that may be sensitive from a cultural or normative perspective.

- Clearly and concisely describes the specific act to which the social norm applies.

- Identifies the concrete behavior evaluated by social norms within the cultural context.

## Definition of a "Value":

- A culturally grounded principle that helps individuals determine what is considered "right" or "wrong" within a given society.

- A value is a generalized and abstract form of a social norm, reflecting what is traditionally regarded as important or virtuous in
that cultural context.

- It explains what is considered meaningful, desirable, or appropriate in the region’s traditions, customs, and social expectations.

## Definition of a "Meaning":
- It explains how the given behavior is perceived and interpreted by people within the cultural context.
- It interprets what social meaning the specific behavior holds in light of the culture’s values, customs, and expectations.

## Definition of a "Analysis":

- Based on its alignment with cultural values, this explains logically why the given norm is socially acceptable within that culture.
- It describes how the behavior is connected to the values considered important in the cultural context, and how it serves to realize
or uphold those values.

User Prompt | ### Region: { CULTURE}
### Statement:
{STATEMENT}
Table 13: Prompt used to generate rationales when the gold answer is positive.

System Prompt | In this task, you are given a misleading or incorrect statement related to etiquette, along with a region that provides the cultural
context in which the norm should be interpreted. However, the statement contradicts or misrepresents the actual etiquette norms of
the specified culture. Assume that the behavior described is not generally accepted within that culture. Do not discuss counterfac-
tual or opposite situations. Only explain why the given statement is culturally inappropriate in the provided context. Your task is
to generate a rationale that explains why this statement is considered culturally inappropriate.

Your task is to generate:
- Behavior: The specific action described in the statement
- Value: The cultural value that is contradicted by the behavior
- Meaning: Explain how the behavior is perceived and interpreted within the culture
- Analysis: Analyze how the behavior violates or conflicts with the identified cultural value
## Definition of a "Behavior":
- An explicit action that may be sensitive from a cultural or normative perspective.
- Clearly and concisely describes the specific act to which the social norm applies.
- Identifies the concrete behavior evaluated by social norms within the cultural context.
## Definition of a "Value":
- A culturally grounded principle that helps individuals determine what is considered "right" or "wrong" within a given society.
- A value is a generalized and abstract form of a social norm, reflecting what is traditionally regarded as important or virtuous in
that cultural context.
- It explains what is considered meaningful, desirable, or appropriate in the region’s traditions, customs, and social expectations.
## Definition of a "Meaning":
- It explains how the given behavior is perceived and interpreted by people within the cultural context.
- It interprets what social meaning the specific behavior holds in light of the culture’s values, customs, and expectations.
## Definition of a "Analysis":
- Based on its contradiction with cultural values, this explains logically why the statement is socially unacceptable within that
culture.
- It describes how the behavior violates, undermines, or disregards values considered important in the cultural context, and why
such misalignment leads to social disapproval.
User Prompt | ### Region: { CULTURE}

## Statement:
{STATEMENT}

Table 14: Prompt used to generate rationales when the gold answer is negative.
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