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Abstract

Large language models (LLMs) are increas-
ingly deployed in culturally sensitive real-world
tasks. However, existing cultural alignment ap-
proaches fail to align LLMs’ broad cultural val-
ues with the specific goals of downstream tasks
and suffer from cross-culture interference. We
propose CultureManager, a novel pipeline for
task-specific cultural alignment. CultureMan-
ager synthesizes task-aware cultural data in line
with target task formats, grounded in culturally
relevant web search results. To prevent con-
flicts between cultural norms, it manages multi-
culture knowledge learned in separate adapters
with a culture router that selects the appropri-
ate one to apply. Experiments across five na-
tional cultures and ten culture-sensitive tasks
show consistent improvements over prompt-
based and fine-tuning baselines. Our results
demonstrate the necessity of task adaptation
and modular culture management for effective
cultural alignment.

1 Introduction

Large language models (LLMs) have achieved re-
markable success across a wide range of natural
language processing tasks in various cultural con-
texts (Rystrgm et al., 2025; Tao et al., 2024; Ke-
leg, 2025). As LLMs are deployed in applications
for users with diverse cultural backgrounds, cul-
tural alignment has emerged as an important re-
search direction (Feng et al., 2025; Yuan et al.,
2024). However, mainstream LLMs often reflect
a Western-centric cultural bias, as their training
corpora are dominated by English and other major
languages (Pawar et al., 2025; Li et al., 2024b). This
bias can lead to misinterpretation or even harm in
culture-sensitive tasks such as content moderation.
For example, the “OK” hand sign means “fine” in
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the United States but is considered rude and offen-
sive in Turkey.

To improve cultural awareness, previous work
has explored culture-specific prompting (role play
with a specific nationality) (Alkhamissi et al., 2024)
and in-context learning with a few culturally rele-
vant demonstrations (Kim et al., 2024; Choenni
and Shutova, 2024). More broadly, researchers
have fine-tuned LLMs on datasets reflecting cul-
tural norms and values (Li et al., 2024a) such as the
World Values Survey (WVS) (Haerpfer et al., 2022).
Despite these advances, two critical gaps limit the
implementation of fine-tuning-based approaches.

First, there is a generalization gap between cul-
tural alignment and culture-related downstream
tasks. Most cultural alignment datasets cover broad
norms and beliefs, but are not tailored to the spe-
cific tasks where cultural sensitivity is critical. For
example, value-oriented data (e.g., How important
is family in your life? ') does not transfer well to
offensive language detection, where cultural sen-
sitivity can be subtle and contextual. Given the
limited availability of culturally relevant datasets,
aligning cultural knowledge to task-specific formats
is necessary to achieve reliable performance (Zhang
et al., 2020; Chen et al., 2020). Second, the multi-
cultural interference problem leads to a trade-off in
performance across different cultures. In different
cultural contexts, the answers to the same question
can vary significantly. Although existing work adds
a culture-specific prefix to distinguish conflicting
answers, multicultural alignment has shown per-
formance degradation compared to single-culture
alignment (Li et al., 2024a).

To address these limitations, we propose Cul-
tureManager, a novel task-aware cultural alignment
pipeline. To bridge the mismatch between gen-
eral cultural datasets and downstream tasks, Cul-
tureManager is given a small set of unlabeled task
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Figure 1: Overview of the CultureManager pipeline.

CultureManager consists of three parts: Search Query

Generation (left), Task-aware Cultural Data Synthesis (center), and Culture Management (right).

demonstrations and target cultures, and performs
task-aware cultural data synthesis: an LLM-based
query generator produces task-aware search queries,
a web search agent retrieves culture-specific mate-
rials, and a data generator converts the retrieved
content into labeled training samples in the tar-
get task format. The resulting synthetic data are
grouped by cultures to build culture-specific train-
ing sets. For each culture, CultureManager fine-
tunes a lightweight LoRA adapter (Hu et al., 2022)
while keeping the base LLM frozen. During in-
ference, a culture router selects the appropriate
adapter based on the input cultural context to
produce culturally aligned outputs. We evaluate
CultureManager on five national cultures and ten
culture-sensitive tasks, showing consistent improve-
ments and validating the effectiveness of task-aware
data synthesis and modular culture management.
Our study demonstrates that under limited data
sources, culture-sensitive applications benefit from
task adaptation and culture management. Our con-
tributions are threefold:

* We identify two fundamental limitations of exist-
ing cultural alignment methods: (i) a generaliza-
tion gap between broad cultural alignment data
and culture-sensitive downstream tasks, and (ii)
cross-culture interference that degrades perfor-
mance in multicultural settings.

* We propose CultureManager, a task-aware and
modular cultural alignment pipeline that synthe-
sizes task-specific cultural training data from cul-
turally grounded web sources, and isolates mul-
ticultural knowledge into lightweight, culture-
specific adapters with dynamic routing.

* We conduct extensive experiments across five
national cultures and ten culture-sensitive tasks,
demonstrating consistent improvements over
prompt-based and fine-tuning baselines, and

showing that task adaptation and modular culture
management are crucial for cultural alignment.

2 Related Work

Recent work has shown that LLMs inherit and
amplify cultural patterns present in their training
data (Li et al., 2025; Sukiennik et al., 2025; Masoud
et al., 2025; Qiu et al., 2025). Models have been
shown to replicate cross-cultural personality dif-
ferences (Niszczota et al., 2025) and overrepresent
Western perspectives due to English-dominant cor-
pora (Kim and Kim, 2025; Li et al., 2024c; Mushtaq
et al., 2025). These findings motivate efforts to in-
crease cultural awareness and mitigate cultural bias
in LLM outputs. An efficient strategy is to align
outputs with a specific culture through prompting.
Early work conceptualizes LLMs as superpositions
of cultural viewpoints that can be activated through
prompting (Kovac et al., 2023; Zhong et al., 2024).
Persona prompting (Alkhamissi et al., 2024; Ma-
soud et al., 2024) and in-context learning (Kim
et al., 2024; Choenni and Shutova, 2024) have also
been explored. While prompt-based methods are
efficient, they depend on cultural representations
already present in the model and degrade for low-
resource cultures with limited representations (Al-
hanai et al., 2025). Another line of work directly
embeds cultural knowledge into model parameters
through fine-tuning (Feng et al., 2024; Yuan et al.,
2024). Researchers have leveraged structured sur-
veys such as WVS (Haerpfer et al., 2022; Mushtaq
et al., 2025) and curated web or social content (Chiu
et al., 2025; Myung et al., 2024; Shi et al., 2024).
These methods improve cultural alignment but re-
main challenging to scale, as collecting high-quality
cultural data is difficult, especially for low-resource
cultures. To mitigate data scarcity, recent work
explores synthesizing culture-specific data using
LLMs (Xu et al., 2025; Li et al., 2024b). Howeyver,
most synthesis efforts mimic the distribution of gen-



eral cultural knowledge, leaving a task adaptation
gap when applying models in practice.

3 Methodology

The overall pipeline of CultureManager is illus-
trated in Figure 1. Next, we introduce each module
of CultureManager in detail.

Preliminary The first step of CultureManager
is to determine the target downstream tasks and
cultures. In this paper, we see culture as a set of
shared norms and values, and cultural alignment as
modeling the conditional distribution of language
under a specific cultural context (Fung et al., 2023;
Rao et al., 2025; Sukiennik et al., 2025; Alkhamissi
et al., 2024; Yao et al., 2025), emphasizing cul-
turally grounded knowledge and practices. This
operationalization treats culture as a latent context
that shapes linguistic behavior in downstream tasks,
rather than as a static inventory of beliefs, enabling
measurement through task performance instead of
survey agreement. The input of CultureManager
includes a set of task-level labels 7 (e.g., “hate
speech detection”), a small set of unlabeled task
demonstrations D; for each task ¢ € T, and a set
of cultures C. We denote that D = {D; };c7. The
format of task demonstrations should align with
the task inputs during inference. This is a practi-
cal setting when LLMs are implemented to perform
specialized tasks (Ling et al., 2023; Lin et al., 2025).

Search Query Generation We set up two modes
of search query generation: task-specific and task-
agnostic modes, to capture task-specific cultural
knowledge and broader cultural knowledge. Task-
specific queries target culture-task interactions di-
rectly (e.g., offensive expressions in Arabic social
media), while task-agnostic queries capture broader
cultural background that may not surface in task-
labelled examples alone. Using both modes pre-
vents the training data from being overly narrow
(task-only) or overly general (culture-only), which
we validate in the ablation study. In particular, we
prompt the GPT-40 model (Hurst et al., 2024) to
generate search queries. The prompt templates are
provided in Section A. The inputs of the query gen-
erator are: number of generated queries n, culture
label c, task label ¢, and task demonstration batch
B; C D,. We iterate over all cultures ¢ € C and
tasks ¢ € T and randomly sample B; ~ DY (b de-
notes the batch size) each time, resulting in n|C|-| T|
queries in total.

Data Synthesis We leverage a lightweight im-
plementation of SearchGPT 2 as the web search
agent module. For each generated query, the search
agent retrieves the top-k (k = 10) webpages via
the Google Search engine. The retrieved page con-
tents are then passed to GPT-40, which summa-
rizes them into a concise, culture-grounded passage.
This summarized passage serves as the retrieved
material input to the data generator, grounding
the synthesized examples in real-world, culture-
specific content rather than relying solely on the
model’s parametric knowledge. The faithfulness
and trustworthiness of the retrieved content are
guaranteed by the alignment of the adopted GPT
model (Li et al., 2024b; Yao et al., 2025). For data
synthesis, we apply GPT-4o as the data generator.
The prompt template for data synthesis is provided
in Section A. The inputs of the data generator are:
number of generated samples m, culture label c,
task label ¢, task demonstration batch B;, and the
retrieved material. We denote the generated data
samples for culture ¢ and task ¢ as S.; and have
|Sc,t| = m. After data synthesis, we collect the
samples under each culture as S, = Uyc7S, ¢ for
further cultural alignment. The total number of
generated data is nm|C| - | T]|.

Cultural Alignment and Management The syn-
thetic datasets S, generated in the last step are well-
formatted and can be used for fine-tuning. Cru-
cially, S; = UieTS,,+ pools data across all tasks
for culture ¢, so each adapter is trained on the full
breadth of culture-sensitive tasks rather than a sin-
gle task. This multi-task design enables a single
adapter to capture the culture’s general linguistic
and normative patterns, which transfer across tasks
at inference time. We denote fg as the target LLM
parameterized by © and denote O, as the parame-
ters of the LoRA adapter corresponding to culture
c. We fine-tune the LoRA adapter O, as follows

rrel)icn E($7y)escﬁ (f@U@c (IL‘), y) ’ €]

where L() is the cross-entropy loss for standard
question-answering tasks. For the CultureLLM
benchmark, we use LoRA rank r = §, scaling fac-
tor o = 32, dropout 0.05, and apply the adapter to
the query and value projection matrices (q_proj,
v_proj). For the CulturalBench benchmark, we
use rank = 16 with the same « and dropout, and
extend the target modules to all attention projec-
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tions (q_proj, k_proj, v_proj, o_proj) to ac-
commodate the more diverse question formats in
that benchmark. After fine-tuning for all cultures,
we obtain a set of culturally aligned LoRA adapters
{GC}CEC'

During inference, a task input z; is fed into the
culture router, which is instantiated by prompting
the target LLM fgo: “You are a helpful chatbot that
knows different cultures around the world very well.
Your task is to analyze the provided text based on its
language, expressions, and context, and select the
most relevant culture to the provided text from the
following options: - {Culturel} - {Culture?2} -
... - Others (if the text is not relevant to any cultures
listed above) Output **only** the exact name of
the culture without any explanation. Text: {input}
Answer:” A corresponding LoRA adapter is se-
lected based on the router’s response and merged
with the base LLM weights at inference time. Con-
cretely, for each LoRA layer with adapter matrices
Ac and B, the effective weight is W + % B A,
where W is the frozen base weight. This additive
merge incurs no additional latency beyond a sin-
gle forward pass and requires no weight switching
between cultures during a batch. If the answer is
“Others”, none of the LoRA adapters are activated,
and the base model responds directly. Compared to
learning-based routers (Wang et al., 2024a; Zhang
et al., 2025; Lei et al., 2026), our method is more
robust.

4 Experiments

In this section, we evaluate the performance of
CultureManager in multicultural downstream tasks.
Through experimental results, we aim to answer
these research questions: RQ1: Can task-aware cul-
tural alignment improve task performance better
than broad cultural value alignment? RQ2: Can
CultureManager improve the model performance
on culture-sensitive downstream tasks? RQ3: Can
task-specific data synthesis bridge the gap between
cultural alignment and task adaptation? RQ4: Can
culture management mitigate cross-cultural inter-
ference when tackling multiple cultures?

4.1 Datasets

We leverage two cultural benchmarks of culture-
sensitive downstream tasks to evaluate the cultural
alignment baselines: CultureLLM (Li et al., 2024a)
and CulturalBench (Chiu et al., 2025). We provide
the statistics of downstream tasks in Table 2.

For CultureLLM benchmarks, we chose five cul-
tures and ten culture-sensitive downstream tasks
(two for each culture), which are listed below. Ara-
bic: offensive language detection (Zampieri et al.,
2020) and hate speech detection (Chowdhury et al.,
2020); Bengali: threat detection and racism detec-
tion (Li et al., 2024a; Rahman, 2018); Chinese:
spam detection (Jiang et al., 2019) and gender bias
detection (Zhou et al., 2022); Spanish: stereotype
detection and negative stance detection (Magnos-
sao de Paula and Baris Schlicht, 2021); Turkish:
abusive language detection (Karayigit et al., 2021)
and spam detection (Turkish Spam VO1). For each
downstream task, we provide a system prompt be-
fore presenting the data samples to LLM: “If the
following sentence has {task}, respond with ‘1°. If
not, respond with ‘0’. Do not provide any explana-
tion, reasoning, or extra words. Sentence: {input}
Response: ”.

CulturalBench is designed to rigorously assess
models’ cultural knowledge across a diverse set of
regions and topics, which comprises 1,696 human-
written and human-verified questions covering 45
global regions, and spans 17 culturally salient top-
ics ranging from food preferences to social etiquette.
Each question has been verified by multiple inde-
pendent annotators to ensure cultural validity and
robustness. To provide a nuanced evaluation, Cul-
turalBench supports two evaluation formats: an
Easy multiple-choice setup and a Hard true/false
setup where multiple correct answers must be iden-
tified, making it significantly more challenging
for LLMs. In our experiment, we also chose five
most frequent cultures from the CulturalBench-
Hard split as the downstream tasks: China, Ger-
many, South Korea, Spain, and Turkey. We use
the system prompt as ““ Question: {Question} An-
swer: {Answer} Is this answer true or false for this
question? You must choose either True or False. ”

We use F1 score as the evaluation metric for all
downstream tasks in the two selected benchmarks.
For baseline methods (cultural value alignment), we
adopted the WVS-7 (2017-2022) dataset, version
5.0 (Haerpfer et al., 2022), spanning from mid-2017
to the end of 2021, as the training dataset. WVS has
294 questions in total, and we followed (Li et al.,
2024a) to rewrite 50 questions into the question-
answer format. The rewriting process is to convert
the multi-choice questions from WVS into QA for-
mat. For example, the original question “Do you
agree with One of my main goals in life has been
to make my parents proud?” can be rewritten into



Table 1: Experimental results of F1 scores on different culture-sensitive downstream tasks. “ar”, “bn”, “zh”, “es”, “tr”
are abbreviations of “Arabic”, “Bengali”, “Chinese”, “Spanish”, and “Turkish”. The “average” column is computed
by averaging the task metrics under the corresponding culture. For training-based methods, we record the mean and
standard deviation of metrics across five runs with different random seeds. We bold the highest score and underline

the second-highest score.

Method CultureLLM Benchmark CulturalBench
ar-hate ar-offensive ar-average China
Original 23.21 38.72 30.97 36.07
Prompt 36.53 76.15 56.34 25.00
TaskSFT 26.60 = 2.45 63.50 + 0.86 45.05 4541 £ 1.16
CultureSFT 33.11 £5.98 52.79 + 1.60 42.95 42.54 £ 1.15
CultureSFT-all 3277 £4.31 42.41 £ 4.09 37.59 44.04 £ 1.22
CultureLLM 35.86 £ 3.46 63.60 £ 1.60 49.73 47.63 £ 1.99
CultureLLM-all 44.45 £ 14.04 68.84 +7.42 56.64 53.30 +1.89
CultureManager 44.98 + 1.27 69.39 + 0.84 57.18 53.40 + 6.83
bn-racism bn-threat bn-average Germany
Original 50.69 45.66 48.18 30.30
Prompt 49.35 49.31 49.33 20.00
TaskSFT 5213 £1.22 4443 £6.75 48.28 40.00 £ 0.00
CultureSFT 51.93 +0.62 46.39 £+ 1.33 49.16 45.50 £ 12.34
CultureSFT-all 53.12 + 2.36 43.52 £3.35 48.32 45.10 £ 8.91
CultureLLM 51.48 £0.92 41.11 £ 1.99 46.30 59.20 £ 3.20
CultureLLM-all 51.01 £1.26 47.65 £ 2.03 49.33 5244 + 6.64
CultureManager 5137 £ 1.62 51.70 + 2.00 51.53 62.91 + 3.56
zh-bias zh-spam zh-average Korea
Original 16.67 43.25 29.96 38.30
Prompt 0.00 55.25 27.63 40.00
TaskSFT 20.23 £ 6.75 41.29 £0.25 30.76 48.47 £ 1.39
CultureSFT 8.22£0.70 37.85+0.24 23.04 49.24 £5.21
CultureSFT-all 8.52 +3.91 38.72 £ 1.89 23.62 47.14 £4.38
CultureLLM 16.97 + 12.03 46.60 £ 0.79 31.78 47.71 £ 3.96
CultureLLM-all 35.54 £ 14.56 37.33 £ 247 36.44 46.82 £ 2.09
CultureManager 35.63 + 14.89 63.51 + 3.98 49.57 60.71 £ 0.81
es-stance es-stereotype es-average Spain
Original 50.68 46.09 48.39 58.33
Prompt 49.68 55.52 52.60 45.00
TaskSFT 54.36 +2.63 5591 +£2.90 55.14 55.72 + 0.69
CultureSFT 4446 £ 1.15 55.11 £ 0.87 49.79 48.78 £ 0.00
CultureSFT-all 42.74 £3.71 48.13 £+ 1.67 45.44 64.38 £ 3.55
CultureLLM 49.16 £ 2.82 57.62 £+ 0.70 53.39 65.41 + 1.41
CultureLLM-all 48.06 £ 2.39 53.18 £ 1.95 50.62 68.15 + 2.68
CultureManager 58.08 + 2.47 51.35+1.51 54.71 66.66 &+ 0.99
tr-abusive tr-spam tr-average Turkey
Original 50.47 37.80 44.14 47.83
Prompt 69.22 45.62 57.42 27.78
TaskSFT 50.70 £ 6.55 42.96 £ 1.10 46.83 45.90 £ 0.00
CultureSFT 62.97 £+ 1.88 4224 +£0.72 52.61 50.08 + 4.04
CultureSFT-all 48.28 £3.19 40.67 £2.34 44.48 48.26 £ 0.87
CultureLLM 65.80 + 0.54 51.24 +2.57 58.52 45.77 £ 1.15
CultureLLM-all 68.55 + 10.87 4721 £1.27 57.88 49.34 £+ 1.88
CultureManager 70.40 + 3.78 52.97 + 1.36 61.69 56.55 + 1.79

“Give me the answer from 1 to 4: Do you agree
with One of my main goals in life has been to make

my parents proud? 1. Strongly agree 2. Agree 3.

Disagree 4. Strongly disagree. You can only choose
one option.” (Li et al., 2024a). We preprocess all
these data samples following (Li et al., 2024a).

4.2 Baselines

We use Llama-3.1-8B-Instruct (Dubey et al., 2024)
as the target LLM for CultureLLM Benchmark and

Qwen-2.5-7B-Instruct (Bai et al., 2023) as the target
LLM for CulturalBench. We select the following
baselines for cultural alignment:

* Original: the original target LLM;

* Prompt: the original model (without explicit cul-
tural alignment) using anthropological prompt-
ing (Alkhamissi et al., 2024) as the system prompt.
We provide the detailed anthropological prompt
template in Section A;



Table 2: Statistics of downstream task datasets.

CultureLLM Benchmark CulturalBench
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Figure 2: Experimental results of the ablation study.

and train the model on all datasets.

* TaskSFT: the model fine-tuned directly on each
downstream task using the same 10% task demon-
strations (D;) as CultureManager, without any
cultural data augmentation. A single shared
adapter is trained across all cultures for each
task. This baseline tests whether task-specific
fine-tuning alone, without cultural grounding, can
achieve comparable performance;

e CultureSFT: the model fine-tuned on the WVS
dataset corresponding to a specific culture;

¢ CultureSFT-all: the model fine-tuned on the com-
bination of WVS datasets for all 5 cultures;

e CultureLLM: the model fine-tuned on the aug-
mented dataset (Li et al., 2024a) from the WVS
dataset corresponding to a specific culture;

e CultureLLM-all: the model fine-tuned on the
combination of augmented datasets (Li et al.,
2024a) from all WVS datasets;

“specific-only”: use only task-specific queries in data synthesis;
“agnostic-only”: use only task-agnostic queries in data synthesis; “

all-culture”: abandon knowledge management

For CultureManager, we select 10% input data of
each downstream task ¢ as D;. For a fair compari-
son, we set the number of synthetic data samples to
match the data augmentation method used in Cul-
tureLLM (around 1,000 per culture). For the single-
culture setting, we make an additional assumption:
the downstream task is associated with a single and
known culture, allowing us to fine-tune the model
for each culture and evaluate the model on the cor-
responding tasks. In Table 1, we present this ideal
setup to illustrate the impact of cross-cultural inter-
ference and demonstrate the effectiveness of culture
management in CultureManager.

4.3 Main Results

As shown in Table 1, we can observe that (1) Cul-
tureManager achieves desirable and robust perfor-
mance across all cultures (RQ2). (2) CultureMan-
ager (task-specific cultural alignment) outperforms
CultureSFT and CultureLLM (broad cultural value
alignment), indicating the effectiveness of task-



aware data synthesis (RQ1 and RQ3). (3) Compar-
ing single-culture fine-tuning and multi-culture fine-
tuning, we can observe that extending the training
dataset from single culture to multiple cultures does
not always yield a better performance, validating the
existence of cross-culture interference. CultureM-
anager outperforms existing single- or multi-culture
fine-tuning methods across most downstream tasks,
indicating the effectiveness of the culture manage-
ment mechanism in mitigating cross-culture inter-
ference (RQ4). (4) CultureManager outperforms
TaskSFT, which directly fine-tunes the target LLM
for each downstream task, demonstrating the ne-
cessity of cultural alignment for culture-sensitive
tasks. (5) Prompt-based methods fail to consis-
tently improve the performance across all cultures,
revealing the shortness of cultural knowledge of ex-
isting LLMs and necessitating fine-tuning for low-
resource cultural alignment. We note that certain
tasks exhibit lower absolute F1 scores, notably Chi-
nese spam detection (zh-spam: 43.25 baseline) and
Turkish spam detection (tr-spam: 37.80 baseline).
Spam detection is inherently challenging for cul-
tural alignment because spam content often lacks
distinctive cultural markers, reducing the benefit
of culture-specific training data. This is consistent
with the culture router accuracy results in Figure 3,
where spam tasks show the lowest routing accuracy,
suggesting that culturally grounded routing is less
effective when task inputs are culturally ambiguous.

4.4 Ablation Study

We conducted ablation studies on the modules of
CultureManager. We removed the task-agnostic
query generation, the task-specific query generation,
and the culture management modules from Culture-
Manager, and reported the task performances on
CultureLLM Benchmark in Figure 2. The results
demonstrate that: (1) Combining task-specific cul-
tural knowledge and task-agnostic cultural knowl-
edge ensures a robust performance across all cul-
tures (specific-only performed badly on Chinese
culture and agnostic-only failed on Spanish culture).
(2) Culture management is crucial for task-aware
cultural alignment, especially when different tasks
are involved in different cultures. The performance
drop of the all-culture setting compared with the
single-culture setting is even larger than the cul-
tural value alignment in Table 1 as diverse task tem-
plates aggravate cross-cultural interference. (3) On
most tasks (except Spanish), agnostic-only achieves
comparable performance to CultureManager, pro-

viding a strong variant when task demonstrations
are unavailable (still requires a task template for
data synthesis). (4) Removing any data synthesis
component consistently degrades performance, con-
firming that the retrieval-augmented synthetic data
is a necessary ingredient for cultural alignment, not
merely a preprocessing convenience.

4.5 Data Synthesis Examples

Synthetic data samples for CultureLLM
Benchmark by CultureManager

Query (negative stance detection): “Span-
ish cultural expressions of negative stance
in social media”

Sample: “Durante la Semana del Orgullo,
las redes estdn llenas de odio hacia la comu-
nidad LGTBIQ+. Es triste ver tanta intoler-
ancia en un evento que solo busca celebrar
la diversidad.”

Query (gender bias detection): “Impact of
Chinese traditional values on gender percep-
tions”

Sample: “In rural villages, it’s common for
parents to prioritize their sons’ education
over their daughters’. Girls often face the ex-
pectation to leave school early to help with
household chores or get married. This mind-
set significantly limits their social mobility
and perpetuates gender inequality.”

\ J

We present synthetic data samples for the Cul-
tureLLM Benchmark and CulturalBench in this
section. Although all queries are generated in En-
glish, if the retrieved materials and downstream
tasks are in a foreign language, the generated data
samples can be formatted in that language as well.
This results in naturally multilingual data synthe-
sis, which has been shown beneficial for cultural
alignment (Choenni and Shutova, 2024). The ex-
amples above illustrate that the synthesis pipeline
successfully captures culture-specific linguistic nu-
ance, including idiomatic expressions, script con-
ventions, and culturally situated scenarios, across
typologically diverse languages. This suggests that
grounding generation in retrieved real-world con-
tent is a key factor in producing culturally faithful
training data.

To mitigate data leakage risks, we strictly held
out the test datasets from the synthetic data genera-
tion pipeline. Our web queries only reflect general
cultural topics and task formats, without memoriz-
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Figure 3: Accuracy of the culture router on different culture-sensitive tasks.

ing benchmark-specific prompts or known example
instances. Additionally, we verified that there was
no verbatim overlap between the synthetic and test
examples. We performed a hash-based deduplica-
tion check (Lee et al., 2022; Wang et al., 2024b)
between our synthetic training data and all evalu-
ation splits, using the shal hash function. Results
showed that there are no exact duplicates in the syn-
thetic training data, confirming that the synthetic
data does not unintentionally replicate benchmark
examples verbatim.

Synthetic data samples for CulturalBench
by CultureManager

Query (Germany): “How do German cul-
tural values influence workplace environ-
ments and practices?”

Sample: “question: In German corporate
culture, how important is adherence to rules
and regulations? answer: Rules and regu-
lations are strictly followed and are a corner-
stone of workplace behavior. 1label: True”
Query (Korea): “Traditional Korean family
values and their impact on modern society”
Sample: “ question: How do traditional
Korean values view the role of family in ed-
ucation? answer: Parents are expected to
be actively involved in their children’s edu-
cation to help them succeed. label: True”

4.6 Culture Router Utility

During inference, CultureManager uses a culture
router to select the most relevant culture based on
the task input. We evaluate the utility of the cul-
ture router in this experiment. We feed each task
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Figure 4: Results of task adaptation on different cul-
tures. SFT represents CultureSFT; SFT+Adaptation
means firstly fine-tuning the LLM using CultureSFT
and then continually fine-tuning it using the synthetic
data; TaskSFT denotes directly fine-tuning the original
LLM using the synthetic data. The metric of each culture
is computed as the mean value across the tasks under
that culture.

dataset into the culture router and record its accu-
racy in determining the culture of the input data.
The results are shown in Figure 3. We observe
that the culture router achieves accuracy exceeding
95% across most tasks, indicating its effectiveness
in routing the task input to the corresponding cul-
ture. Notably, this high accuracy is achieved by a
7B-parameter model used in a zero-shot prompt-
ing regime, demonstrating that cultural relevance
recognition does not require large-scale training or
specialized classifiers. The relatively low perfor-
mance in spam detection might be because spam
samples are less strongly relevant to culture than
those in other tasks. For systems deployed without
multi-culture exposure, the router can further elim-
inate cross-culture interference by routing inputs to
the correct single-culture adapter, preventing nega-
tive transfer across cultures. Additionally, the cul-
ture router is based on Llama-3.1-8B-Instruct and



Qwen-2.5-7B-Instruct. We can also leverage more
powerful LLMs in practice to improve the utility
of the culture router. For multilingual inputs where
the input language may itself signal culture, the
router’s prompt-based design naturally leverages
linguistic cues, making it robust to mixed-language
text without requiring language identification as a
separate module.

4.7 Task Adaptation

We have validated the need for task adaptation
to achieve LLLM cultural alignment for culture-
sensitive downstream tasks. In this section, we
explore combining CultureSFT with task-aware cul-
tural alignment in a two-stage pipeline: we first fine-
tune the model on broad cultural value datasets and
then continue fine-tuning on synthetic task datasets.
We compare the two-stage task adaptation pipeline
with CultureSFT, denoted as SFT, and directly fine-
tuning the original LLM on synthetic task datasets
(as in CultureManager), denoted as TaskSFT. The
results in Figure 4 demonstrate that the explicit task
adaptation outperforms CultureSFT and TaskSFT
on four out of all five cultures. This study sheds
light on the potential for improving cultural align-
ment in a two-stage task-adaptation pipeline. In
addition, improving the robustness of task adapta-
tion and reducing conflicts between broad cultural
value alignment and task-aware cultural alignment
are important research directions for future studies.

4.8 Model Scale

In Table 1, we evaluate cultural alignment on
Llama-3.1-8B-Instruct (Dubey et al., 2024). To
explore the effectiveness of CultureManager under
scale, we switch the target model to Llama-3.3-70B-
Instruct (Dubey et al., 2024). We select two cultures
and vanilla baselines and demonstrate the results
in Table 3. We can observe that (1) CultureMan-
ager still achieves a desirable performance across
both cultures, demonstrating that task-aware cul-
tural fine-tuning remains effective at 70B scale. (2)
The 70B model outperforms the 8B model on Ara-
bic, but underperforms the 8B model on Bengali,
indicating that scaling alone is not equivalent to
improved cultural awareness, even a much larger
model still benefits from culture-specific SFT. (3)
This finding is further reinforced by the frontier
model evaluation in Section D, where GPT-5.1 zero-
shot performance is comparable to or below that of a
fine-tuned 7B CultureManager across several tasks,
suggesting that current state-of-the-art models have

Table 3: Experimental results of culture-sensitive down-
stream tasks with Llama-3.3-70B-Instruct.

Method ar-hate ar-offensive  ar-average
Original 53.34 76.88 65.11
Prompt 52.58 81.75 67.17
CultureSFT 52.66 7391 63.29
CultureLLM 53.38 72.13 62.76
CultureManager 55.89 79.33 67.61
bn-racism bn-threat bn-average
Original 35.28 30.74 33.01
Prompt 36.38 0.00 18.19
CultureSFT 40.82 33.61 37.22
CultureLLM 37.83 45.08 41.46
CultureManager 51.16 50.29 50.73

not yet closed the gap in low-resource cultural adap-
tation.

5 Conclusion

We introduced CultureManager, a task-aware cul-
tural alignment pipeline for LLMs under limited
cultural resources. CultureManager combines task-
aware cultural data synthesis with a modular cul-
ture management strategy to bridge the gap between
broad cultural knowledge and task-specific nuances
and resolve cross-cultural interference. Experi-
ments across five national cultures and ten culture-
sensitive downstream tasks demonstrate consistent
improvements over prompting and cultural value
alignment baselines, validating both the task adap-
tation and culture management components. These
results indicate that cultural alignment cannot rely
solely on broad cultural value data or one-for-all
models, but should integrate downstream task needs
and explicitly handle cultural divergence. Our ex-
periments surface four concrete takeaways for prac-
titioners: (1) General cultural knowledge is insuf-
ficient. Models trained on broad cultural values
do not consistently improve on culture-sensitive
downstream tasks; task adaptation is necessary. (2)
Synthetic data is a viable path for cultural align-
ment. Synthetic data produces culturally faithful,
multilingual training examples that yield consis-
tent gains across diverse tasks and cultures. (3) A
lightweight router eliminates cross-culture interfer-
ence. A 7B model used in a zero-shot prompting
regime achieves over 95% routing accuracy, making
it practical to deploy per-culture adapters without a
dedicated routing classifier, and without negative
transfer across cultures. (4) SFT remains necessary
for current state-of-the-art models. Cultural adap-
tation is an open challenge even for the strongest
available models.



Limitations

Our study primarily focuses on predefined down-
stream tasks (e.g., offensive language and hate
speech detection) and a fixed set of national cul-
tures. This scope enables controlled evaluation and
precise measurement of improvements, but does not
preclude broader use. The design of CultureMan-
ager can be easily adapted to task-agnostic settings:
removing the task-template input in the data synthe-
sis module would allow the same pipeline to gener-
alize to unseen tasks. In addition, our experimental
settings did not include tasks that jointly involve
multiple cultures, such as culture-sensitive transla-
tion. These tasks require modeling more complex,
cross-cultural semantics and routing across multiple
cultural components simultaneously. While not the
focus of this work, the modular management design
of CultureManager naturally extends to multi-hop
or mixed-culture inference, which we plan to ex-
plore in future work. From the resource perspective,
our approach proposed a fully automated data syn-
thesis pipeline, without explicit human validation
of individual synthetic examples. While human
review could improve the precision and factual cor-
rectness of the generated data, it would substantially
reduce the scalability and efficiency that are central
to our method’s design. We view this trade-off as
intentional: our approach aims to enable efficient,
large-scale data augmentation with minimal manual
intervention. Incorporating selective human vali-
dation or hybrid human-in-the-loop mechanisms
remains an interesting direction for future work.

Ethical Considerations

This work focuses on improving the cultural align-
ment of LLMs to reduce unintended harm in culture-
sensitive applications. All cultural data used is
derived from publicly available web sources with-
out collecting private or toxic information. The
method is designed to support safer, more inclusive
NLP systems without introducing additional ethical
risks.
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A Prompt Templates

Prompt template of anthropological prompt-
ing

The following is a framework adapted from
the toolkit of anthropological methods: 1.
Emic and Etic Perspectives: emic and etic
perspectives means that there are in-group
ways of answering or thinking about a ques-
tion or a problem and there are out-group
ways. 2. Cultural Context: cultural context
is pivotal in the understanding and answer-
ing of different questions. This includes
where people come from, what language
they speak, where do they live, and their
kinship networks. 3. Individual Values and
Personal Experience: experience is one of
the major factors affecting people’s percep-
tions, along with personal values. Both play
a big role in subjective understandings of
day to day to life. 4. Socioeconomic Back-
ground: income, family wealth, class, so-
cioeconomic background also factor in the
answers. 5. Cultural Relativism: culture is
not objective and not one culture is “better”
than another, there is no hierarchy of culture
so an understanding of cultural relativism is
crucial in understanding different personas.
6. Space and Time: age and place are also
important factors. 7. Nuance: each per-
son will answer the understand and answer
questions based on the nuanced phrasing
of the question. Now: Imagine you are a
married {nationality} male. You are 50
years of age and completed Higher educa-
tion level. You consider yourself part of the
Upper Middle Class. Answer the following
question from this perspective. Others will
read what you choose; your goal is to con-
vince them it was chosen from the perspec-
tive of the persona described above. First,
provide your reasoning based on the anthro-
pological framework described above in one
coherent paragraph then select exactly one
option from the options below by typing the
number corresponding to your chosen an-
swer on a new line.

For the anthropological prompting
method (Alkhamissi et al., 2024), we define



the system prompt of the target LLM as the
above prompt template for inference. The input
of the anthropological prompt is the nationality
corresponding to the target culture.

Prompt template of task-specific search
query generation

You are a search query specialist focused on
{culture} culture values. Your primary
goal is to craft {n} queries that will retrieve
information relevant to {culture} culture.
Requirements: - Your queries should focus
on understanding patterns and characteris-
tics of {culture} {task_label} - Your
queries should look for examples and distinc-
tive features of real-world instances - Your
queries can refer to the keywords and scope
of the following examples: {examples} -
Please output each query on a separate line
in the following format: ### <query 1> ###
<query 2> ... Do not include any explana-
tions or additional text.

For the data synthesis step in CultureManager,
we leverage GPT-40 (Hurst et al., 2024) to generate
search queries and synthesize task-aware training
datasets. We provide the detailed prompts for each
module below.

Prompt template of data synthesis

Task: Generate {m} realistic training
data samples for the {task_label} task.
Requirements: - Create equal numbers
of positive and negative samples for the
{task_label} task - Make generated data
samples strictly grounded in the following
reference material: {text} - Keep the writ-
ing natural and human-like for {culture}
people, avoiding exaggerated, formal, or ar-
tificial phrasing. Refer to the style and tone
of the reference samples: {examples} - For
each generated example, provide output in
the following format: TEXT: [content] LA-
BEL: [1 for positive class, O for negative
class]

The inputs of the query generator are: n denotes
the number of generated queries, culture € C
denotes the culture label, task_label € 7 de-
notes the task label, and examples C Dy (t is the
same as task_label) denotes the task demonstra-

tions. For task-agnostic search query generation,
we simply remove the third requirement and leave
the remaining part unchanged.

The inputs of the data generator are: m denotes
the number of generated data samples, text de-
notes the retrieved text material, and culture,
task_label, and examples share the same mean-
ing as in query generation.

B Case Study: Synthetic Data Quality

To qualitatively validate the cultural accuracy and
label correctness of the synthetic training data, we
present representative examples from two cultures:
Arabic (hate speech detection) and Spanish (stereo-
type detection). For each example, we report the
synthesized text and the corresponding label as-
signed by the data generator.

Arabic: Hate Speech Detection. Labels follow
the task format: HS (hate speech) or NOT_HS.

Arabic hate speech detection: synthetic ex-
amples

[NOT_HS] 2o qag)l 8 iusi ey o e
Lol lguds o5 Al dn ol

(“You are still li\;ing in delusion, like a
chicken that thinks itself a peacock.”)

[HS] e o goluy o dagag aiaall L3 L
(“You garbage of society, your existence is
worth nothing but pollution.”)

[NOT_HS] olgeall IS aey all el Lo
AU g 8 @IS 3y ladls
(“Masha’Allah, despite all difficulties, you
always shine like a star in the dark.”)

The NOT_HS examples contain culturally famil-
iar idioms (an Arabic proverb-style metaphor and
a common religious expression of praise) that do
not constitute hate speech, while the HS example
uses a direct dehumanizing epithet. The labels are
consistent with both the task definition and Arabic
cultural norms, reflecting CultureManager’s abil-
ity to synthesize culturally grounded, accurately
labeled data.

Spanish: Stereotype Detection. Labels follow
the task format: / (contains stereotype) or 0 (no
stereotype).



Spanish stereotype detection: synthetic ex-
amples

[1] “Siempre que hablo con extranjeros,
piensan que en Espafia solo comemos paella
y bebemos sangria todo el dia.”

(“Whenever I talk to foreigners, they think in
Spain we only eat paella and drink sangria

all day.”)

[0] “El otro dia visité el Pais Vasco y me
encant6 la mezcla de paisajes montafiosos y
playas. La gente fue muy acogedora.”
(“The other day I visited the Basque Coun-
try and loved the mountains and beaches.
The people were very welcoming.”)

[1] “Siempre he pensado que los es-
pafioles solo saben bailar flamenco y dormir
la siesta todo el dia.”

(“I have always thought that Spaniards only
know how to dance flamenco and take sies-
tas all day.”)
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The stereotype-labeled examples invoke widely
recognized cultural generalizations about Spanish
cuisine and lifestyle, while the neutral example de-
scribes a culturally specific but non-stereotyping
travel experience. Across all tasks, synthetic data
is generated with balanced class distributions (e.g.,
156/156 positive/negative for Arabic hate speech;
200/204 for Spanish stereotype), preventing label
bias.

C Data Contamination Analysis

To verify that the synthetic training data does not in-
advertently reproduce benchmark test content, we
compute token n-gram overlap between the syn-
thetic training set and all evaluation test sets, fol-
lowing Lee et al. (2022). We report mean overlap
rates at n € {5, 10,15} to cover both short-phrase
and longer-sequence matching, and separately per-
form exact hash-based deduplication. Table 4 re-
ports results for all 10 CultureLLM tasks and 5
CulturalBench cultures.

The n = 5 rates reflect partial matches of short
common function words and task template frag-
ments shared across tasks, not semantic duplication
of content. Atn = 10, all overlap rates fall below
0.23%, and at n = 15, only two Bengali tasks show
residual overlap below 0.17%. Zero exact dupli-
cates are found across all 15 pairs, confirming that
the synthetic training data does not replicate bench-

Table 4: Mean n-gram overlap rate (%) between syn-
thetic training data and test sets, and exact duplicate
count. Zero exact duplicates across all 15 pairs.

Task / Culture n=5 mn=10 n=15 Exact
CultureLLM Benchmark

ar-hate 0.000 0.000 0.000 0
ar-offensive 0.003 0.000 0.000 0
bn-racism 4520 0.195 0.168 0
bn-threat 5.809 0.229 0.000 0
zh-bias 0.000 0.000 0.000 0
zh-spam 0.604 0.000 0.000 0
es-stance 0.123  0.000 0.000 0
es-stereotype 0.014  0.000 0.000 0
tr-abusive 0.000 0.000 0.000 0
tr-spam 0.645 0.128 0.122 0
CulturalBench

China 7.461 0.147  0.000 0
Germany 10.472  0.000  0.000 0
Korea 6.963 0.000 0.000 0
Spain 6.557 0.000 0.000 0
Turkey 7.876  0.000 0.000 0

mark examples and that performance gains are not
attributable to data leakage.

D Frontier Model Evaluation

We compare CultureManager against GPT-
5.1 (Singh et al., 2025) evaluated in a zero-shot
setting to assess whether a frontier model can
match task-specific cultural alignment without
training. We evaluate GPT-5.1 on the CultureLLM
Benchmark across all ten tasks and report per-task
F1 scores and per-culture averages in Table 5.

GPT-5.1 outperforms CultureManager on Arabic
(+12.5 avg) and Turkish (+8.6 avg), where its strong
multilingual pretraining provides a robust starting
point. However, CultureManager with Llama-3.1-
8B-Instruct surpasses GPT-5.1 on Chinese (+11.6
avg) and Spanish (+7.6 avg), demonstrating that
task-specific cultural alignment remains beneficial
even relative to frontier models, particularly for
tasks requiring nuanced label discrimination (e.g.,
spam detection and gender bias) in lower-resource
cultural contexts. These results suggest that Culture-
Manager provides a cost-effective and competitive
alternative to frontier models for culture-sensitive
downstream tasks.



Table 5: F1 scores on CultureLLM Benchmark: zero-shot GPT-5.1 vs. CultureManager (Llama-3.1-8B-Instruct).
CultureManager averages are from Table 1.

Arabic Bengali Chinese Spanish Turkish
Method hate off. avg | rac. thr. avg | bias spam avg | sta. ste. avg | abu. spam avg
GPT-5.1 49.92 89.51 69.72|61.89 48.66 55.28|34.54 41.42 37.98|44.88 49.33 47.11|86.29 54.24 70.27

CultureManager

44.98 69.39 57.18

51.37 51.70 51.53

35.63 63.51 49.57

58.08 51.35 54.71

70.40 52.97 61.69
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