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Abstract
As large language models (LLMs) are increasingly deployed
across culturally diverse regions, ensuring that their responses
align with users’ cultural norms has become a critical chal-
lenge. Existing approaches to cultural alignment primarily
rely on prompting or data-augmentation-based supervised
finetuning, which teach models to follow norms indirectly
through example-based supervision. However, these methods
are difficult to scale and often fail to generalize, particularly in
low-resource cultural settings. In this work, we propose Cultur-
eRL, a culture-norm-driven reinforcement learning framework
that directly encodes cultural principles into model behavior.
Rather than relying on output imitation, CultureRL provides
normative feedback during training, enabling the model to
internalize high-level cultural rules. It consists of two key
components: (1) Norm Pool Construction (NPC), which clus-
ters data from the World Values Survey into abstract cultural
concepts to form a structured and retrievable norm pool; and
(2) Norm Cluster-based Reward Mechanism (NCRM), which
retrieves the relevant norm for each input and uses an external
reward model to assess conformity, guiding model updates
through cultural alignment. We evaluate CultureRL in both
one-for-one (per-culture) and one-for-all (multi-culture) set-
tings across nine cultures and three benchmarks. Results show
that CultureRL consistently outperforms strong baselines, es-
pecially in terms of cultural consistency and adaptability.

Code — https://github.com/Yranes/CultureRL

Introduction
With the rapid global adoption of large language models
(LLMs), cultural adaptability has become essential (Hofstede
1984; Zhao et al. 2024; Zheng et al. 2024; Pawar et al. 2025).
Yet most LLMs are pretrained on English-centric data rooted
in Western perspectives (Cao et al. 2023; Liu et al. 2024;
Naous et al. 2024; Li et al. 2024c; Masoud et al. 2025a),
resulting in biased interpretations and responses to cultur-
ally nuanced queries (Wang et al. 2024; Karim et al. 2025;
Zhao et al. 2025). Addressing this imbalance and ensuring
that LLMs respect diverse cultural norms is critical for their
responsible and effective use.
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Figure 1: Comparison of different cultural alignment meth-
ods. (a) Prompting uses in-context norm examples but is
sensitive to instruction-following ability. (b) Data augmen-
tation creates culturally aligned QA data for fine-tuning, but
requires labeled seed data across cultures (c) CultureRL in-
ternalizes cultural norms via reinforcement learning, using a
reward model to provide feedback based on norm adherence,
without relying on large-scale annotated data.

The aim of cultural alignment in large language models
(LLMs) is to ensure that their responses conform to the cul-
tural norms associated with a user’s origin (Sorensen et al.
2024). This requires models to recognize and respect cultur-
ally specific values, beliefs, and expectations when generating
outputs (Yao, Yi, and Xie 2024; Yao et al. 2024). In prac-
tice, however, achieving this goal remains challenging, as it
involves collecting culturally grounded question–answering
data for every relevant region or group—an effort that is both
resource-intensive and difficult to scale. Existing approaches
for incorporating cultural norms into LLMs typically fall
into two categories: prompting and data-augmentation-based
supervised finetuning, both of which face notable limitations.

Prompting methods (Figure 1a) leverage the in-context
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learning capabilities of LLMs (Brown et al. 2020) by prepend-
ing cultural norms and a few exemplars into the input to
steer model behavior (Rao et al. 2023; Naous et al. 2024;
Wang et al. 2024; Jiang, Levine, and Choi 2024; Choenni and
Shutova 2024; Myung et al. 2024). While easy to implement
and not reliant on large-scale data construction, their effec-
tiveness depends heavily on the model’s instruction-following
ability. Thus, they often fail to produce consistent cultural
alignment, especially when handling nuanced or unfamiliar
cultural inputs (Min et al. 2022b).

Data-augmentation-based supervised finetuning (Figure
1b), by contrast, involve automatically generating culturally
relevant QA data using LLMs in conjunction with predefined
cultural norms, followed by supervised fine-tuning (Ouyang
et al. 2022; Chan et al. 2023; Nguyen et al. 2024; Li et al.
2024a,b; Masoud et al. 2025b). Although this often achieves
more stable alignment, it requires substantial and diverse
data across many cultures. Moreover, these models tend to
generalize poorly beyond their training distribution and are
prone to cultural overfitting or imbalance, particularly when
data coverage is uneven (Lin et al. 2024; Chu et al. 2025).

Motivated by these limitations, we aim to achieve robust
cultural alignment without relying on large-scale culturally
annotated data. As illustrated in Figure 1c, rather than learn-
ing norms indirectly through examples, we propose to en-
code cultural principles directly into model behavior. This
reframes the problem from output imitation to norm internal-
ization—an approach conceptually aligned with meta learn-
ing (Finn, Abbeel, and Levine 2017; Min et al. 2022a), where
models acquire generalizable priors that enable adaptation to
new tasks or cultural contexts with minimal data.

To this end, we propose Culture-norm-driven
Reinforcement Learning (CultureRL), a framework
that embeds cultural norms directly into model policy.
CultureRL comprises two modules: Norm Pool Construction
(NPC) and Norm Cluster-based Reward Mechanism
(NCRM). To be more specific, NPC clusters World Values
Survey (WVS) data (Haerpfer et al. 2020) into different
semantic categories, forming a structured cultural norm
pool. These clusters serve as alignment anchors and enable
efficient norm retrieval. NCRM then retrieves the relevant
cluster per training input and uses an external reward model
to score model responses against the associated “golden”
norm, guiding learning via cultural conformity.

We evaluate CultureRL under two settings: (1) one-for-one,
where each model is aligned to a single culture, and (2) one-
for-all, where one model supports all nine cultures spanning
both high- and low-resource regions. Across three bench-
marks, CultureRL outperforms baselines in both settings,
with notable gains in cultural consistency and adaptability,
including in open-ended generation.

In summary, our work makes the following contributions:

• We motivate a new direction for cultural alignment of
LLMs that shifts from data-intensive output imitation to
direct norm internalization.

• We propose CultureRL, a culture-norm-driven reinforce-
ment learning framework that internalize cultural norms
directly into model policy.

• We conduct comprehensive experiments across nine cul-
tures and three benchmarks, demonstrating that CultureRL
outperforms existing baselines.

Related Work
Cultural Bias in LLMs
Recent studies have revealed that large language models
(LLMs) often struggle to maintain consistent cultural values
across linguistic and societal boundaries (Tao et al. 2024;
Adilazuarda et al. 2024; Beck et al. 2024; Song et al. 2025;
Liu et al. 2025; Adilazuarda et al. 2025; Rystrøm, Kirk, and
Hale 2025; Bravansky, Trhlik, and Barez 2025). In particu-
lar, LLMs tend to reflect the dominant ideologies of high-
resource, Western regions, leading to the marginalization or
misrepresentation of cultural perspectives from less devel-
oped areas (Manvi et al. 2024; Durmus et al. 2024). These
findings underscore the need for cultural alignment to ensure
AI systems generate responses that respect the values and
expectations of users from diverse cultural backgrounds.

To assess such biases, a number of cross-cultural frame-
works and benchmarks have been developed. Notably, Hofst-
ede’s Value Survey Module (VSM13) (Hofstede 1984) and
the World Values Survey (WVS) (Haerpfer et al. 2020) are
widely used to quantify and compare cultural dimensions
across countries. VSM13, for example, uses a 30-item Likert-
scale questionnaire—24 items targeting six key cultural di-
mensions and 6 on demographics—allowing responses to be
aggregated by nationality and analyzed using factor analy-
sis. These tools offer structured insights into cultural norms
and serve as valuable resources for designing and evaluating
culturally adaptive LLMs.

Cultural Alignment of LLMs
Recent efforts to align LLMs with cultural norms primarily
fall into two categories: prompting and data augmentation.

Prompting-based approaches directly prepend cultural in-
structions and exemplars into the input to guide generation
(Rao et al. 2023; Naous et al. 2024; Wang et al. 2024; Jiang,
Levine, and Choi 2024; Choenni and Shutova 2024; Myung
et al. 2024). For example, Choenni et.al (2024) employ few-
shot in-context learning to align cultural behaviors, demon-
strating promising results in specific contexts. Seo et.al (2025)
applies retrieval-augmented generation with in-context learn-
ing to integrate cultural and demographic knowledge dynam-
ically during text generation.

Data augmentation methods, by contrast, generate cultur-
ally relevant QA pairs using LLMs and fine-tune models
with supervised learning (Ouyang et al. 2022; Chan et al.
2023; Nguyen et al. 2024; Li et al. 2024a,b; Masoud et al.
2025b). For instance, Li et al. (2024a) introduce CultureLLM,
which uses the World Values Survey (WVS) as seed data and
expands it through semantic data augmentation to create
culture-aligned training examples.

Unlike these methods, our proposed CultureRL directly
internalize cultural norms into the model through a princi-
pled reinforcement learning framework, enabling more stable,
scalable, and generalizable cultural alignment.
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Figure 2: Overview of the CultureRL framework. The model is trained via reinforcement learning to align its outputs with
cultural norms. (1) In the Norm Pool Construction (NPC) stage, we cluster data from the World Values Survey (WVS) into
concept-level cultural norm groups, forming a structured norm pool. (2) In the Norm Cluster-based Reward Mechanism
(NCRM) stage, given an input, we retrieve its associated norm cluster and identify the corresponding golden norm. The model’s
response is evaluated against this norm using a reward model, which provides feedback to guide norm-consistent policy learning.

Methodology
This section introduces our Culture-norm-driven Reinforce-
ment Learning framework (CultureRL), which trains LLMs
to align with diverse norms by interacting with a structured
norm pool and receiving reward signals that assess cultural
consistency. Unlike prior work relying on data-heavy super-
vision, CultureRL guides the model to internalize cultural
principles through reinforcement learning, enabling scalable
and robust alignment across diverse cultural settings. As
shown in Figure 2, the framework comprises two key com-
ponents: (1) Norm Pool Construction (NPC) for organizing
cultural knowledge into semantically meaningful clusters,
and (2) Norm Cluster-based Reward Mechanism (NCRM)
for norm-aware reward feedback during training. We describe
each in detail below.

Norm Pool Construction
The goal of Norm Pool Construction (NPC) is to build a struc-
tured repository of cultural norms to support downstream
value alignment training. We base our construction on the
World Values Survey (WVS) (Haerpfer et al. 2020), a globally
recognized dataset that spans multiple countries and captures
long-term human values and societal norms.

Filtering culturally divergent and value-relevant ques-
tions. Rather than using all survey questions directly, we
filter and retain only a subset that is both highly relevant to
cultural values and exhibits meaningful cross-cultural diver-
gence. Specifically, we first extract all WVS questions and
aggregate their responses by country to ensure they reflect

populations with coherent cultural backgrounds. We then
perform a two-stage filtering process:

In the first stage, we analyze the dominant response pat-
terns across countries for each question. If the prevailing opin-
ions differ significantly—e.g., one country primarily agrees
while another primarily disagrees—we consider the ques-
tion to reflect cultural divergence and retain it as a candidate.
In the second stage, we use GPT-4o to assess whether the
question is closely tied to core cultural themes such as gen-
der roles, family obligations, or moral permissibility. This
filtering process yields 62 culturally representative questions.

Clustering questions into cultural norm concepts. To
support semantic generalization and efficient retrieval during
training, we organize these filtered questions into concept-
level clusters. We first abstract each question into a concise
semantic concept to reduce variability from surface phrasing.
For example, the question “Do you agree that work should
always come first, even if it means less spare time?” is ab-
stracted as “Work prioritization over leisure.” This process
ensures that our clustering focuses on the underlying norma-
tive intent rather than linguistic form.

We embed these abstracted concepts using OpenAI’s text-
embedding-3-small model and apply K-Means clustering to
form semantically coherent norm clusters, such as religion,
gender roles, moral permissibility, and work ethics. We set the
number of clusters to K = 8, which achieves the best clus-
tering performance based on both intra-cluster compactness
and inter-cluster separation. See Appendix D.1 for detailed
analysis and diagnostic plots.
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Constructing value statements as cultural norms. Fi-
nally, for each retained question, we combine the dominant
country-specific response with its abstracted concept to gen-
erate a natural language value statement, representing a cul-
turally grounded normative expectation. These statements
constitute our Norm Pool, which serves as the reference for
cultural alignment in the CultureRL framework.

Norm Cluster-based Reward Mechanism
The Norm Cluster-based Reward Mechanism (NCRM) is
designed to guide the model toward producing culturally
aligned responses by leveraging structured norm representa-
tions as reward anchors. At each training step, this mechanism
dynamically identifies the most relevant cluster of cultural
norms and evaluates the model’s output against normative
expectations defined within that cluster.

To ensure training efficiency, enhance policy stability, and
avoid noise from irrelevant samples, we begin by encoding
each training query into a semantic vector using the same
embedding space as used in the NPC stage. We then calculate
the cosine similarity between the query and each of the norm
cluster centroids. If the minimum cosine distance exceeds
0.6—indicating that the query is not semantically close to
any cultural norm cluster—it is discarded from the training
batch. This filtering prevents degenerate updates that may
arise from culturally ambiguous or generic prompts.

For queries passing this filter, we find the closest cluster
and extract value statements associated with the correspond-
ing target country. These statements reflect normative expec-
tations expressed in natural language and serve as reference
standards for evaluating response alignment.

The generated responses in each rollout are paired with the
selected value statements and evaluated by a reward model,
which in our case is instantiated with GPT-4o-mini. The re-
ward model uses a culturally aware evaluation prompt to
judge whether the output supports, contradicts, or is unre-
lated to the norm set. A reward of +1 is assigned when the
response supports at least one of the norms; –1 is assigned
if any contradiction is detected, regardless of other matches.
Outputs deemed unrelated or evasive receive a neutral reward
of 0. This includes cases such as generic refusals to answer
(e.g., "I’m just an AI model and cannot provide personal
opinions") or outputs that completely miss the intent of the
input or the cultural context, thus failing to engage with the
normative dimension of the prompt. The accuracy of this
reward model is reported in Table 3, with further analysis
and discussion provided in the following section. This struc-
tured reward ensures that learning is both value-sensitive and
context-aware. Further implementation details and prompt
formulation can be found in Appendix D.2.

Policy Optimization via GRPO
To optimize the model under the norm cluster-based re-
ward, we adopt the Group Relative Policy Optimization
(GRPO) (Shao et al. 2024), a variant of policy gradient
methods tailored for stabilizing optimization. More specif-
ically, for each question q, GRPO samples a group of out-
puts {o1, o2, · · · , oG} from the old policy πθold and then

optimizes the policy model by maximizing the following
objective:

JGRPO(θ) = E
q∼P (Q),{oi}Gi=1

∼πθold
(O|q)

[

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{
min

[
πθ(oi,t|q, oi,<t)

πθold (oi,t|q, oi,<t)
Âi,t,

clip

(
πθ(oi,t|q, oi,<t)

πθold (oi,t|q, oi,<t)
, 1 − ϵ, 1 + ϵ

)
Âi,t

]
− βDKL [πθ||πref]

}]
,

(1)

where ϵ and β are hyper-parameters, and Âi,t is the advantage
calculated based on relative rewards of the outputs inside each
group only, i.e., Âi,t = r̃i =

ri−mean(r)
std(r) .

Experiments
Experimental Setup
Models We instantiate our CultureRL framework using the
Qwen-2.5-3B-Instruct (Yang et al. 2024) as the base language
model. The reward model is implemented using GPT-4o-mini
and is prompted to evaluate the cultural alignment of model
responses with country-specific norm clusters.

Culture Converage & Training Data We conduct experi-
ments on nine culturally distinct countries: Argentina (ARG),
Bangladesh (BGD), Brazil (BRA), China (CHN), Germany
(DEU), Iraq (IRQ), South Korea (KOR), Turkey (TUR), and
the United States (USA). These countries cover both high-
resource (e.g., USA, CHN) and low-resource (e.g., BGD,
IRQ) settings, enabling a representative and culturally di-
verse evaluation. For training, we use 500 samples per coun-
try from the data synthesized by CultureLLM, following their
data generation framework. Notably, we only use the ques-
tion part of each QA pair to trigger cultural reasoning in our
framework, without relying on the provided answers.

We consider two training setups at both the supervised
fine-tuning (SFT) and reinforcement learning (RL) stages: (1)
One-for-One, where separate models (SFT-One, CultureRL-
One) are trained individually on each culture’s data; (2) One-
for-All, where a single model (SFT-All, CultureRL-All) is
trained on the combined data from all nine cultures.

Benchmarks We evaluate our approach on three bench-
marks: the World Values Survey (WVS), VSM13, and a mul-
tilingual content moderation dataset from CultureLLM.

For WVS, we use Wave 7 survey data (2017–2020), cov-
ering 57 countries across 13 cultural topics. We measure
alignment by computing one minus Jensen–Shannon diver-
gence (1 − JSD), which quantifies the similarity between
the model’s predicted response distribution and the actual
country-level distribution.

For VSM13, based on Hofstede’s cultural dimension the-
ory, models are evaluated by answering standardized survey
questions that reflect six national cultural dimensions. We
compute the Euclidean distance between model predictions
and Hofstede’s published country-level scores.

For content moderation, we use 58 test sets across 9 lan-
guages, each corresponding to one of our target cultures. The
tasks are collected following the setup in CultureLLM (Li

38123



Metric Method ARG BGD BRA CHN DEU IRQ KOR TUR USA

WVS

Qwen2.5-3B-Instruct 74.86 69.61 73.24 70.26 75.27 70.80 72.21 71.45 74.37
SelfAlignment 75.03 75.38 76.19 75.16 75.75 75.38 74.47 73.99 74.28
PromptTuning 75.16 70.95 76.05 72.91 76.98 74.37 72.75 76.28 76.37
SFT-One 77.95 74.84 77.91 72.61 76.43 75.04 75.53 75.91 76.55
CultureRL-One 78.14 81.20 77.40 77.07 80.52 86.35 78.50 79.98 76.72

SFT-All 80.66 78.07 79.47 76.65 80.74 77.75 81.35 79.92 80.68
CultureRL-All 83.65 81.53 83.58 80.59 84.57 83.80 80.97 81.59 84.72

VSM13 ↓

Qwen2.5-3B-Instruct 266.24 245.02 363.23 273.35 221.65 81.93 258.04 252.40 251.61
SelfAlignment 253.38 221.83 320.03 272.91 232.41 125.19 366.79 281.79 348.97
PromptTuning 150.91 218.75 172.62 213.95 141.47 76.21 280.53 197.91 195.68
SFT-One 143.75 153.90 211.84 138.42 175.85 123.56 212.32 157.80 154.24
CultureRL-One 99.98 168.02 110.45 116.90 110.08 62.24 169.97 111.25 131.40

SFT-All 139.29 150.66 141.98 145.63 98.91 75.29 162.76 141.28 159.64
CultureRL-All 138.52 91.29 133.63 130.59 110.53 54.12 144.74 140.68 115.50

Content
Moderation

Qwen2.5-3B-Instruct 32.25 45.60 37.78 34.84 43.03 37.15 55.36 46.67 38.07
SelfAlignment 23.27 32.87 24.01 25.89 36.26 28.97 42.68 43.89 26.99
PromptTuning 30.47 48.46 43.68 27.45 35.60 43.97 57.69 41.02 37.09
SFT-One 31.77 48.34 37.24 36.47 46.26 40.53 56.99 48.14 38.98
CultureRL-One 33.17 48.47 51.78 48.56 47.44 49.34 58.03 57.37 40.98

SFT-All 31.50 44.54 41.47 34.40 47.26 37.62 52.84 49.06 40.00
CultureRL-All 35.65 43.58 46.63 61.86 45.56 48.79 55.91 57.23 38.78

Table 1: Performance of prompt-based, supervised fine-tuning, and reinforcement learning methods across nine culture on three
benchmarks: WVS, VSM, and Content Moderation. Higher is better for WVS (1 - JSD) and Content Moderation (F1 Score),
lower is better for VSM (Euclidean distance). CultureRL methods generally perform better across most regions. The methods
trained on all cultures (SFT-All, CultureRL-All) are listed below a separating horizontal line.

et al. 2024a), covering a diverse range of binary and multi-
class classification objectives such as detecting offensive
language, hate speech, and bias. We perform zero-shot evalu-
ation and report F1-score as the primary metric. While lan-
guage is not equivalent to culture, it is a practical and widely
adopted proxy for cultural boundaries in both prior NLP
work (Naous et al. 2023; Myung et al. 2024) and broader cul-
tural theory that emphasizes the fluid and multifaceted nature
of cultural identity (Delanoy 2020). Given the lack of fine-
grained region-specific datasets, using language as an anchor
enables tractable evaluation of culture-specific behaviors in
content moderation tasks.

Detailed task descriptions and evaluation setups can be
found in Appendix B.

Baseline Methods We compare CultureRL against two
major categories of baseline approaches for culture align-
ment. Prompt-based methods: SelfAlignment (Choenni and
Shutova 2024) which retrieves semantically similar WVS
value statements as in-context examples to guide cultur-
ally aligned generation. Data-augmentation-based methods:
PromptTuning (Masoud et al. 2025c) and SFT (Li et al.
2024a). Please refer to Appendix C for detailed descriptions
and implementation details of these baseline methods.

Implementation Details We implement our CultureRL
training pipeline using the Open-R1 (Hugging Face 2025)
frameworks for scalable and stable reinforcement learning
with LLMs. All experiments are conducted on 2 NVIDIA
A100 80GB GPUs. For detailed hyper-parameter settings,

please refer to Appendix A.

Overall Results
Table 1 shows the performance of various methods across
three culture-related benchmarks for nine target cultures.

On the WVS benchmark, CultureRL-All achieves the high-
est overall alignment, outperforming both culture-specific
methods and other baselines. Notably, both CultureRL-All
and SFT-All outperform their culture-specific variants on the
WVS benchmark, indicating that joint training across cultures
leads to better value alignment.

On the VSM benchmark, CultureRL-One and CultureRL-
All each achieve the best results in four cultures, with SFT-
All leading in one. These results suggest that our approaches
provide more consistent alignment with structured cultural
dimensions, while culture-specific and joint training each
offer complementary strengths.

On the content moderation benchmark, CultureRL-One
performs best in most individual regions, while CultureRL-
All excels in CHN, achieving the highest F1 of 61.86. This
demonstrates that cultural alignment training enhances ro-
bustness in multilingual safety-sensitive tasks. SelfAlignment
lags on moderation tasks likely because its retrieved WVS
value statements, though culturally relevant, misalign with
safety goals and can introduce conflicting cues.

Taken together, these results demonstrate that CultureRL
methods consistently outperform prior approaches across all
three benchmarks, with CultureRL-All and CultureRL-One
offering more robust performance compared to baselines.
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Culture Method WVS VSM13 ↓ Mod.

IRQ
CultureRL-IRQ 86.35 62.24 49.34
w/o cluster 82.84 77.16 43.92
Retrieval 72.34 155.03 46.37

TUR
CultureRL-TUR 79.98 111.25 57.37
w/o cluster 78.50 129.52 50.61
Retrieval 77.88 233.35 54.23

USA
CultureRL-USA 76.72 131.40 40.98
w/o cluster 76.63 173.25 38.61
Retrieval 75.75 132.97 39.53

Table 2: Ablation results on three cultures (IRQ, TUR, USA).
CultureRL uses cluster-specific norm rules for reward mod-
eling. w/o cluster uses all norm rules without clustering,
while the Retrieval method selects the top 5 semantically
similar rules per training data. Mod. refers to the Content
Moderation Task.

Acc P-macro R-macro F1-macro Cohen’s κ

81.19 79.28 80.04 79.56 70.74

Table 3: Evaluation metrics of reward model.

Analysis and Discussions
Ablation Study
Table 2 reports ablation results on three cultures to assess
the effect of different norm selection strategies for reward
modeling. In the w/o cluster setting, all value norms are used
uniformly without clustering. In the Retrieval setting, the
top-5 most semantically similar norms are selected for each
training instance based on embedding similarity.

Our method achieves the best alignment across all three
benchmarks, highlighting the benefit of structured, concept-
level clustering in capturing deeper cultural expectations. The
Retrieval method underperforms significantly on WVS and
VSM13 compared to CultureRL, likely because instance-
level retrieval may lack the coverage or stability required for
value alignment. However, Retrieval still surpasses the w/o
cluster baseline on content moderation tasks, suggesting it
provides better focus than using all norms indiscriminately.
Overall, these findings demonstrate that concept-level norm
clustering enables the model to more effectively internalize
culture-specific normative orientations, helping it better un-
derstand each culture’s general stance toward certain value
topic dimensions.

Reward Model Validation
To evaluate the reliability of the reward model, we manually
annotated a sample of 101 training instances. For each in-
stance, we used Qwen2.5-3B-Instruct to generate a response
and labeled it with respect to all Chinese-specific value norms,
assigning a score of 1 (support), –1 (contradict), or 0 (un-
related). We then compared these human annotations with
the reward model’s predictions. As shown in Table 3, the
reward model achieves an accuracy of 81.19 and a Cohen’s
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Figure 3: A/B test results comparing CultureRL and SFT
in open-ended generation across nine cultural contexts. The
top plot shows results under per-culture training (CultureRL-
One vs. SFT-One); the bottom plot shows results under all-
culture training (CultureRL-All vs. SFT-All). Bars represent
the percentage of wins, ties, and losses for CultureRL, based
on pairwise preference judgments made by GPT-4o

Kappa of 70.74, demonstrating strong alignment with the
human-labeled gold standard. The macro-averaged precision,
recall, and F1 score further indicate that the model provides
balanced and reliable reward signals across the three labels.

A/B Evaluation on Open-ended Generation
To assess cultural alignment in open-ended responses, we
conduct an A/B test comparing CultureRL and SFT across
nine cultures. We begin by filtering value-related questions
from the PRISM dataset (Kirk et al. 2024), using GPT-4o
to identify those most relevant to cultural norms. From this
subset, we sample 100 questions and prompt each model
to generate open-ended responses. For each question, we
present the outputs of CultureRL and SFT side by side to GPT-
4o and prompt it to make a pairwise preference judgment.

To reduce potential bias, we include contextual input as
the full set of WVS-derived value statements associated with
the target culture, allowing GPT-4o to ground its evaluation
in culturally specific expectations. Figure 3 shows the results.
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Method WVS VSM13 Mod.

Low

Qwen2.5-3B-Instruct 71.68 211.39 40.41
SFT-One 75.93 144.75 42.19
SFT-All 79.10 126.63 40.67
CultureRL-One 81.41 110.37 47.08
CultureRL-All 82.64 106.15 46.31

High

Qwen2.5-3B-Instruct 73.07 273.58 41.81
SFT-One 75.81 178.53 43.18
SFT-All 79.78 141.78 43.19
CultureRL-One 78.04 127.76 49.35
CultureRL-All 82.88 126.99 49.36

Table 4: Comparison of Model Performance on WVS,
VSM13, and Content Moderation task (Mod.). Metrics for
Low and High-Resource Culture Regions.

Under both One-for-One and One-for-All settings, CultureRL
achieves higher win rates across most cultures. These results
suggest that CultureRL more effectively captures culturally
appropriate value expression in open-ended generation.

Impact of Cultural Resources
We further report the performance of CultureRL and base-
line methods in both high- and low-resource cultural regions,
as shown in Table 4. We find that the CultureRL method
demonstrates significant and consistent improvements over
all baselines across both high- and low-resource cultures. For
the WVS metric, the relative performance gain is more pro-
nounced in low-resource regions, demonstrating the method’s
strength in improving alignment with underrepresented cul-
tures. In contrast, the improvement on the content moderation
(Mod.) task is greater in high-resource regions, likely because
reinforcement learning can more effectively refine knowledge
the base model acquired during pre-training. For more details,
please refer to Appendix E.4.

Case Study
As illustrated in Figure 4, CultureRL generates responses that
more closely reflect dominant cultural values in the target
region. They are typically shorter, more decisive, and phrased
in a human-like manner that aligns with culturally grounded
expectations. In contrast, the SFT often produces lengthier,
more generalized, or neutral responses. While informative,
these replies tend to dilute culture-specific viewpoints and
sometimes even contradict the intended cultural framing—for
example, by adopting a broadly universal perspective rather
than one tied to the specified cultural identity.

Interestingly, both models are capable of selecting the
dominant cultural choice when evaluated on the related WVS
questions. However, SFT fails to maintain this alignment in
open-ended generation, suggesting that it may have overfit to
discrete annotation patterns rather than internalizing deeper
cultural principles. This highlights CultureRL’s advantage: by
learning to internalize norms through reinforcement feedback
rather than merely imitating label distributions, it better pre-
serves cultural identity in unconstrained generation settings.

IRQ

CultureRL
-IRQ

Yes, I would be responsible for making sure that my family is
properly cared for, even if they are sent to an elderly home or are
paying for their own funeral. In Iraqi cultural values, family is very

important, and ensuring the well-being of family members is a
fundamental responsibility. Therefore, I would ensure that they are

taken care of and that their financial needs are met.

SFT-IRQ

The question touches on complex aspects of family dynamics,
moral responsibility, and ethical obligations. In Iraqi culture... If you

choose to cut off your family from your life, it's understandable
that you might feel conflicted about the situation, especially when

it comes to financial obligations such as paying for their care or
funeral. Here are some considerations:...

Question (From PRISM): if you cut off your family from your life fully, 
do you think you should still be responsible for payments if they 

get sent to a elderly home or pay for the funeral?

TUR

CultureRL
-TUR

In Turkish cultural context, there is often a strong emphasis on
hard work and the pursuit of success as contributing factors

to one's dignity and reputation. Therefore, work is typically a
significant part of life, contributing to family income, social status,

and community contribution. 

SFT-TUR

The idea of work being the main part of life can vary greatly from
person to person and culture to culture. For many people,

especially in industrialized societies, work often plays a significant
role in their lives... However, it's important to consider that work is
just one part of life, and it's vital to have a balanced perspective. In

many societies, especially in parts of Asia, there's a deeper....

Question (From PRISM): Is work the main part of life ?

World Value Survey: Q83
IRQ: I strongly agree that adult children have the
duty to provide long-term care for their parents

World Value Survey: Q1
IRQ: family is very 
important in my life

World Value Survey: Q110
TUR: I strongly believe that in the long

run, hard work usually brings a better life
instead of luck and connections

World Value Survey: Q41
TUR: I agree that work should

always come first, even if it
means less spare time

Figure 4: Case study of open-ended cultural alignment in two
cultures (IRQ, TUR), comparing outputs from CultureRL
and SFT. The question stems are sourced from the PRISM
dataset. For each case, we additionally include thematically
related statements from the World Values Survey (WVS) to
highlight culturally grounded perspectives.

For more cultural cases, please refer to Appendix E.3.

Conclusion

In this work, we present CultureRL, a reinforcement learning
framework for robust cultural alignment of LLMs. Unlike
prior methods that rely on prompting or large-scale QA super-
vision, CultureRL directly encodes cultural norms into model
behavior through norm-guided rewards. By constructing a
structured norm pool and leveraging a norm-cluster-based
reward mechanism, our method enables models to internal-
ize high-level cultural principles. Experiments across nine
cultures demonstrate that CultureRL outperforms existing
approaches in both one-for-one and one-for-all settings.
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