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Abstract

Large language models (LLMs) face challenges
in aligning with diverse cultural values despite
their remarkable performance in generation,
which stems from inherent monocultural biases
and difficulties in capturing nuanced cultural
semantics. Existing methods struggle to adapt
to unknown culture after fine-tuning. Inspired
by cultural geography across five continents,
we propose Cultural Palette, a multi-agent
framework that redefines cultural alignment
as an adaptive "color-blending" process for
country-specific adaptation. Our approach har-
nesses cultural geography across five continents
through three key steps: First, we synthesize
the Pentachromatic Cultural Palette Dataset
using GPT-4o0, refining continental-level dia-
logues with Hofstede’s cultural dimensions to
establish foundational cultural representations.
Second, five continent-level alignment agents
form specialized cultural communities that gen-
erate region-specific draft responses. Third, a
Meta Agent employs Cultural MoErges to dy-
namically blend these cultural "colors" through
attention-gated parameter merging, akin to mix-
ing pigments on a palette, resolving conflicts
while preserving cultural nuances to produce
the final culturally-aligned response. Extensive
experiments across various countries demon-
strate that Cultural Palette surpasses existing
baselines in cultural alignment.

1 Introduction

Large Language Models (LLMs), such as GPT-4
(Achiam et al., 2023), have shown remarkable per-
formance in aligning with human values for real-
world applications by incorporating diverse per-
spectives (Han et al., 2024; Sorensen et al., 2024a)
and preferences (Ouyang et al., 2022; Chen et al.,
2024) through specific fine-tuning and alignment
techniques (Hu et al., 2022; Ouyang et al., 2022).
However, alignment with human values is predom-
inantly influenced by pluralistic, multicultural fac-
tors including traditions, societal norms and more
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Figure 1: Comparison between (A) country-specific
alignment (Li et al., 2024a,b; Feng et al., 2024), (B)
country-joint alignment (Li et al., 2024c,a) and (C) Cul-
tural Palette.

(Feng et al., 2024), especially in our multicul-
tural society, necessitating LLMs to perceive cross-
cultural differences and reflect pluralistic feedback
(Sorensen et al., 2024b; Feng et al., 2024) to avoid
mono-cultural bias (Shi et al., 2024) risked by mere
RLHF (Ouyang et al., 2022). Early studies pri-
marily involve collecting cultural data corpora for
fine-tuning to enhance cultural-awareness in LLMs
(Chan et al., 2023; Lin et al., 2024; Kirk et al.,
2024), while extremely time-consuming.

Recent research has explored two primary ap-
proaches to integrating cultural elements into
LLMs: (i) multi-culture data composition for
alignment, which simulates social surveys to syn-
thesize culture-specific corpora (Li et al., 2024b;
Shi et al., 2024), cultural value preference choices
(Lietal., 2024a; Xu et al., 2025) seeded from the
World Values Survey (WVS) (Haerpfer et al., 2022)
or PRISM dataset (Kirk et al., 2024) collecting pref-
erences for LLMs responses across cultural regions
for fine-tuning and alignment training, which is
limited by underrepresented cultures and may lead
to overfitting and value leakage from the WVS



benchmark (Zhou et al., 2023). (ii) multi-culture
community mechanisms, which leverage pluralis-
tic feedback among multi-agent (Feng et al., 2024;
Lake et al., 2024) yet struggles with unseen cultures
(Feng et al., 2024). In summary, pluralistic cultural
alignment for LLMs encounters three major limita-
tions: (1) Existing alignment techniques like RLHF
(Ouyang et al., 2022; Hong et al., 2024) often
neglect intersectional identities and marginalized
viewpoints between countries instead of among
community, limiting the models’ ability to provide
culturally inclusive outputs.(2) Existing datasets
for pluralistic cultural alignment mainly synthe-
size multiple-choice questions for cultural prefer-
ence seeded from WVS benchmark for fine-tuning,
lacking cultural dialogues needed for nuanced un-
derstanding. (3) Cultural norms evolve over time;
however, current methods lack effective paradigms
to adapt to this fluidity. Requiring fine-tuning on
country-specific corpora (Li et al., 2024a; Xu et al.,
2025) to construct cultural community (Sorensen
et al., 2024b; Feng et al., 2024) leads to inflexibility
and limited practicality (Xu et al., 2025).

To address above limitations, we propose Cul-
tural Palette, a framework integrating the core cul-
tural "colors" of five continents ! (Crang, 2013),
collectively forming a palette that symbolizes
global cultural diversity via multi-agent coordina-
tion grounded in cultural geography findings that
culture differences among global countries are
profoundly shaped by geographical influences
within cultural evolution and spread across five
continents (Crang, 2013). As depicted in Fig. 1,
Cultural Palette first generates cultural dialogues
based on the PRISM dataset (Kirk et al., 2024) for
purifying responses representing the cultural char-
acteristics of five continents (Sec. 3) under Hofst-
ede’s cultural dimensions (Insights, 2021) for per-
ceiving culture differences (Hofstede, 2009), con-
ceptualized as primary colors for cultural align-
ment (Sec. 4.1) and then coloring five continent
cultures to form a multi-agent cultural community
(Sec. 4.2). Our key contributions are as follows:

* To the best of our knowledge, we introduce
the first Cultural Palette framework that mod-
els cultural alignment as dynamic blending
via Cultural MoErges, outperforming four
country-specific and joint alignment methods.

e We release the Pentachromatic Cultural

'We adopt the five-continent definition from Buschmann
and Nolde (2018): Africa, America, Asia, Europe & Oceania.

Palette Dataset, a diverse collection of cul-
tural dialogues synthesized using LLMs and
refined using Hofstede dimensions to capture
cultural semantics across five continents.

* We propose a multi-agent framework that
coordinates five continent-level drafting
agents with a meta agent for country-level
alignment. Extensive experiments across 18
countries demonstrate consistent gains over
five pluralistic alignment methods.

2 Related Work

Pluralistic Cultural Alignment. Existing align-
ment techniques, such as DPO (Rafailov et al.,
2024) and ORPO (Hong et al., 2024) guide LLMs
to learn from preferred-signal data but do not ac-
count for cultural factors. To enhance pluralistic
culture alignment in LLMs, existing researches
focus on aligning with specific countries or val-
ues (Huang et al., 2024; Xu et al., 2025) via fine-
tuning (Li et al., 2024a,b; Huang et al., 2024; Xu
et al., 2025) and alignment (Kirk et al., 2024; Li
et al., 2024d; Guo et al., 2025), yet remains con-
strained by reliance on inherent cultural values
(Feng et al., 2024; Vamplew et al., 2024). To al-
leviate the above dependencies, recent research
leverages LLMs’ zero-shot capabilities (Kojima
et al., 2022; Li et al., 2024b) for cultural alignment
through multi-agent collaboration, introducing a
cultural-aligned judger LLM to summarize com-
munity comments via Overton, steerable, and dis-
tributional modes (Sorensen et al., 2024b; Feng
et al., 2024; Shetty et al., 2025), while challenges
persist in interacting with unseen culture (Feng
et al., 2024). To further address the complexities
of cultural diversity, we propose a novel approach
inspired by cultural evolution across five continents
(Crang, 2013). By conceptualizing these continen-
tal cultures as fundamental colors on a palette, we
introduce a multi-agent framework integrated with
a Cultural MoErges (Goddard et al., 2024) mech-
anism integrating semantic relationships at both
continent and country levels to dynamically blend
colors adapting to judging diverse cultural align-
ment and ensuring nuanced and context-aware re-
sponse through multi-agent collaboration.

Data Synthesis for Cultural Alignment. Align-
ing LLMs for cultural pluralism—whether through
fine-tuning (Li et al., 2024a,b; Shi et al., 2024),
alignment (Kirk et al., 2024; Li et al., 2024d; Guo
et al., 2025), or agent-based approaches (Sorensen



et al., 2024b; Feng et al., 2024)—requires ex-
tensive, culture-specific datasets. While existing
datasets like PRISM (Kirk et al., 2024) collect user
feedback on LLM responses across diverse coun-
tries, they primarily focus on preference ranking
rather than generating culturally nuanced dialogues,
limiting their utility for training models to under-
stand implicit cultural norms (Chen et al., 2024).
Recent studies have demonstrated that self-instruct
(Wang et al., 2023) or multi-agent (Li et al., 2024a)
can effectively synthesize culturally nuanced data
through LLM-driven multi-step generation and re-
finement, including expanding datasets based on
the World Values Survey (WVS) (Haerpfer et al.,
2022) to study cultural dominance and alignment,
with benchmarks such as CultureLLM (Li et al.,
2024a), CulturePark (Li et al., 2024b), and Cul-
tureSPA (Xu et al., 2025). However, LLM-driven
data synthesis, seeded from the WVS for multiple-
choice data pairs, may introduce biases in cul-
tural options and lead to value leakage from the
WVS benchmark (Zheng et al., 2023; Zhou et al.,
2023). To overcome these limitations, we expanded
Prism (Kirk et al., 2024) to cultural dialogues from
five continents, creating Pentachromatic Cultural
Palette Dataset (Sec. 3) through self-feedback con-
trastive aggregation of cultural differences.

Model Merging. LLMs trained on a single cor-
pus often suffer from limited generalization and
suboptimal decision-making, as they may converge
to local optima that restrict efficiency and versa-
tility across tasks (Lawson and Qureshi, 2024;
Yang et al.,, 2024b). To address this, prior
work explores collaborative model merging strate-
gies—such as Task Arithmetic (Ilharco et al., 2023),
Ties (Yadav et al., 2024), and Model Stock (Jang
et al., 2025)—to improve performance on complex
decision-making (Lawson and Qureshi, 2024) and
generation tasks (Pourreza et al., 2024). More re-
cently, MoErges (Goddard et al., 2024; Tang et al.,
2024; Jiang et al., 2024) unifies model merging
with Mixture-of-Experts architectures through an
untrainable design, initializing MoE MLP layers
with task-specific model weights. Building on
these advances, we investigate the role of model
merging in culturally grounded decision-making by
systematically comparing merging-based methods
with cultural joint training approaches (Xu et al.,
2025; Li et al., 2024a). Furthermore, we ground
our proposed Cultural MoErges in palette theory,
demonstrating how continent-level cultural repre-

sentations can be dynamically composed to foster
country-level cultural pluralism.

3 Pentachromatic Cultural Palette
Dataset

We contribute a Pentachromatic Cultural Palette
dataset with the diverse cultural semantics and val-
ues across five continents in social dialogues.

Dataset Construction. Cultural differences in
evolution across five continents (Crang, 2013)
shape values and semantics in different coun-
tries. While existing datasets like PRISM (Kirk
et al., 2024) collect preference rankings, they lack
nuanced dialogues necessary for training mod-
els to understand context-specific norms. To ad-
dress this, we propose a Pentachromatic Cultural
Palette dataset, built from PRISM, to capture cul-
tural nuances essential for reflecting the full di-
versity of cultural semantics in social dialogues.
Following (Li et al., 2024c), We enhance cul-
tural richness through a multi-step data synthe-
sis process powered by GPT-4o, utilizing user
queries {Query; j—1 from the PRISM dataset.
As shown in Fig. 2, our pipeline begins with
a self-instruct (Wang et al., 2023) step to gen-
erate initial continent-aware responses. These
responses then undergo a critique phase based
on cross-continent feedback to identify divergent
norms. Finally, in the continent-specific aggre-
gation stage, each response is polished through
an iterative self-refinement loop (Madaan et al.,
2024). Within this loop, the model acts as a
self-judge to iteratively enhance the response, en-
suring cultural relevance while preventing cross-
cultural contradictions. This process is capped
at a maximum of Max = 3 rounds and ter-
minates early once a response passes prede-
fined quality checks. And finally we get the
Pentachromatic Cultural Palette Dataset 2, rep-
resented as {(Queryj,Response;?‘m””e"t) [y
where continent € {Africa, Asia, Europe, Amer-
ica, Oceania}.

4 The Cultural Palette Framework

Following Wang et al. (2025), our multi-agent
cultural palette encompasses a country-specific

>Appendix A.1 details the multi-step synthesis prompts,
Appendix A.2 reports dataset scale, and Fig. 3 validates the
five-continent base colors. All synthesized data undergoes
rigorous human ethics review for cultural fairness and safety
(Kirk et al., 2024; Li et al., 2024a).
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Figure 2: Architecture of Cultural Palette consisting of continent-level alignment on Pentachromatic Cultural Palette

Dataset (Sec. 3), Cultural MoErges for Meta Agent (Sec. 4.

1) and Multi-agent Cultural Palette (Sec. 4.2). Details of

our ORPO alignment loss formulation are deferred to Appendix B for brevity.

Meta Agent (Sec. 4.1) aggregating drafts from five
continent-level cultural communities (4.2).

4.1 Cultural Palette for Meta Agent

Joint/Merging Alignment. After constructing
the Pentachromatic Cultural Palette dataset, we
leverage it to perform continent-level alignment for
LLMs as cultural decision-maker judger aligned
with users, ensuring culturally relevant outputs
tailored to diverse regions. Inspired by Li et al.
(2024c), we introduce two alignment strategies to
highlight the benefits of model merging for overall
cultural pluralism. The first strategy, joint align-
ment, integrates all cultural dialogue data into a
single LLM. The second strategy involves creat-
ing separate models for each culture, which are
then merged into a unified LLM using separately
various merging techniques including Ties (Yadav
et al., 2024), Model Stock (Jang et al., 2025) and
MoErges (Goddard et al., 2024; Jiang et al., 2024)
to demonstrate that MoErges exhibits the greatest
potential for cultural alignment (see Sec. 5.2).

Cultural MoErges (CM) for Meta Agent. In-
spired by the merging paradigm of MoErges (God-
dard et al., 2024; Tang et al., 2024), we propose
Cultural MoErges for Meta Agent to merge cultural
knowledge of all five continent-level experts as
a shared resource, enabling dynamic adaptation
to country-specific contexts following Goddard
et al. (2024) while acting as a global cultural
reviewer. Five continent-aligned models Egroup =
{EAfrica; EAsim EEuropea EAmericay EOceania} are
trained on region-specific datasets, sharing a
base LLM architecture but differing in FFN
components following (Feng et al., 2024), and
the activation mechanism dynamically adjusts
expert contributions through a continent-to-
country aware gate that computes weights
G(P) € R to prioritize expert contributions
based on national cultural cues in user prompt
P via: G(P) = Softmax(hiddenp - W), with
W, € RS initialized via hidden states of
continent-level system prompts (e.g., "You are
a knowledge chatbot about {continent}...") and
hiddenp derived from the base LLM’s encoding



of P such that G(P) blend experts’ parameters
into LL Mpe,’s architecture following MoErges
paradigm (Wang et al., 2025), the Meta Agent’s
parameter space Oy, is defined as:

Ometa = Oshared Z G(P) : @léFN . (D

CegGroup

where Ogared C Opase denotes frozen shared
parameters inherited from the base LLM and
@gFN represents the FFN parameters of continent-
level expert C, dynamically fused via Softmax-
normalized weights G(P). Empirical experiments
in Sec. 5.4 demonstrate that Cultural MoErges out-
performs alternative strategies in achieving both
cultural pluralism and country-specific alignment.

4.2 Multi-agent Cultural Palette

As illustrated in Fig. 2, multi-agent cultural
palette consists of draft from community comments
aligned with five continents, self-regulated aggre-
gation and final decision from Meta Agent.

Stage 1: Cultural Draft (CD). Given a
country-specific question P that includes a
target country C' and a query (), we engage
a continent-level LMs community Egroup =
{EAfricm EAsiaa EEu'r’opea EAme'ricaa EOceania}7
each acted as a proxy for a regional community
voice informed by local norms, rhetorical patterns,
and sociocultural context. While C is often
closely affiliated with one or more continents, all
community LMs are jointly activated to span both
proximate and distal cultural standpoints aligned
with pluralistic roadmap (Sorensen et al., 2024b),
promoting culturally diverse yet contextually
coherent perspectives (Crang, 2013), forming a
pluralistic Cultural Draft Dra ft via culture-aware
prompting Pyq f4:

Draft = Z Continent ® E(Q, Parast). (2)

E € EGroup

where @ denotes the association of the response
with its continent tag C'ontinent.

Stage 2: Self-regulated Aggregation (SR).
While continent-level LMs in the community
contribute diverse—and occasionally conflict-
ing—cultural standpoints, the objective is not to
reconcile these differences but to reinterpret them
through the lens of the target country, thereby sup-
porting downstream alignment with the country-

|OAfrica ©America  @Asia  @Europe ©Oceania

(A) PRISM (B) Cultural Palette

Figure 3: Comparative analysis of semantic repre-
sentations on the PRISM and Pentachromatic Cul-
tural Palette datasets using Multilingual embeddings
(microsoft/Multilingual-MinilM-L12-H384) with
PCA-based dimensionality reduction. Data points are
color-coded by continent, based on the country associ-
ated with each QA pair.

specific response distribution. To this end, we in-
troduce a Self-regulated Aggregation mechanism,
wherein L L My, activated under country C' via
Cultural Merge parameter space (Sec. 4.1), recon-
textualizes each regional draft according to cul-
turally encoded priors aligned with C. Rather
than flattening disagreement, L L My, preserves
both consonant and dissonant perspectives, reshap-
ing them through a culturally grounded filter that
centers C’s normative worldview. Inspired by re-
flective adaptation principles in formative learn-
ing (Nicol and Macfarlane-Dick, 2006), L L M cta
serves as a cultural interpreter—transforming het-
erogeneous inputs into a coherent intermediate re-
sponse, denoted as Answer egylae, that preserves
cross-cultural plurality while aligning with the
socio-contextual frame of country C'.

Stage 3: Final Decision. Conditioned on the in-
termediate output Answer egulate, the meta agent
LL My, synthesizes a culturally grounded re-
sponse using the final decision prompt Pgp,. Lever-
aging the aggregated drafts as contextual input, it
generates a country-specific answer Answer finq
and distribution P, that reflects the normative
worldview of target country C', supporting post-
hoc cultural alignment evaluation by comparing
Pyen with empirical response distributions Pyold
(Sec. 5.2), ultimately enabling continent-to-country
cultural alignment.

S Experiments

5.1 Models and Implementation

Data Synthesis. We utilized the original ques-
tions from the PRISM dataset (Kirk et al., 2024),



which comprises 7,805 questions sourced from 75
birth countries. To achieve balanced representation,
we augmented it by synthesizing 7,805 questions
per continent, ensuring equal distribution among
five continents and resulting in a total of 39,025
question-answer pairs, with each continent having
31220 preference pairs derived from the interac-
tions between every two continents. As shown
in Fig. 3, the PRISM dataset’s substantial distri-
butional overlap across continents underscores its
limitations in capturing cultural distinctions, pos-
ing challenges for modeling nuanced cultural seg-
mentation and aligning with region-specific appli-
cations. In contrast, our Pentachromatic Cultural
Palette dataset demonstrates superior clustering,
with data points forming distinct, continent-specific
groups that effectively model cultural uniqueness
and enable more accurate, culturally aligned rep-
resentations. The distribution of topics and conti-
nents are detailed in Appendix A.2.

Cultural Alignment. We conducted all experi-
ments using Llama3.1-8B-Instruct (Dubey et al.,
2024) and Qwen2.5-7b-Instruct (Yang et al.,
2024a). Additionally, we employed five continent-
specific alignments with ORPO (Hong et al., 2024),
a parameter-efficient monolithic alignment method,
on our Pentachromatic Cultural Palette Dataset, uti-
lizing MS-Swift (Zhao et al., 2025) for alignment
and MergeKit (Goddard et al., 2024) for merging
on two NVIDIA A100 GPUs (see Appendix B for
experiment setting & alignment loss details). For
model training and evaluation, we partitioned our
dataset was split 9:1 for training and testing, with
the test set evaluating Cultural MoErges against
alternative alignment methods.

5.2 Datasets and Tasks

Task 1: Cultural Alignment w/ NLI evaluation.
To evaluate Cultural MoErges against alternative
merging methods and alignment strategies, we mea-
sure LLMs’ ability to generate continent-level re-
sponses aligned with cultural values. Following
Feng et al. (2024), we use a DeBERTa-v3-large
NLI model fine-tuned on standard NLI datasets
(Sileo, 2024) to compute a semantic-consistency
score as the Entailment probability between gold
values Ryoq and LLM-generated responses Ry,

Ssemantic = P(Entailment | Rgo1a, Ruim)*x100% € [0, 100],
(3)
where higher percentages indicate stronger align-
ment with the gold-standard cultural values.

Task 2: Cultural Palette w/ GlobalOpinionQA.
Following Feng et al. (2024); Xu et al. (2025), we
compute alignment scores Sgiqp, for 18 countries
shown in Table 1 across five continents using the
GlobalOpinionQA dataset (DURMUS et al., 2024),
which aggregates global survey data. For each
country-level survey question, LLMs are prompted
to integrate national context and generate probabil-
ity distributions P,,, over answer options, which
are then compared to ground-truth survey response
distribution P4 via Jensen-Shannon distance to
quantify cultural alignment:

1 1
Satign = 1= FKL(Pyen | M) = SKL(Pyoa | M), (4)
where M is the average distribution of Py, and
Pyo14, and KL denotes the Kullback-Leibler diver-
gence. Higher S,;4,, indicates better cultural align-
ment with real-world survey distributions.

5.3 Baselines

We first evaluated Cultural MoErges against four
baseline alignment strategies: (1) Prompting: We
promote cultural alignment by appending instruc-
tions via the same prompting template as culture-
aware prompting following (Feng et al., 2024;
Xu et al., 2025); (2) Joint: Following Xu et al.
(2025), we implement culturally joint alignment
with ORPO (Hong et al., 2024) for overall cultural
LLM alignment; (3) Tie: Following Yadav et al.
(2024), we merge LLMs among continent-specific
models by resetting minor fine-tuned parameters,
resolving sign conflicts, and merging parameters
with consistent signs; (4) Model Stock: effec-
tively integrate fine-tuned LLMs across continent-
specific applications (Jang et al., 2025).
Subsequently, we compare Cultural Palette with
five classical and latest baselines on Llama3.1-
8B-Instruct (Dubey et al., 2024) and Qwen2.5-7b-
Instruct (Yang et al., 2024a): (1) Vanilla: Follow-
ing (Feng et al., 2024), we directly employ LLM to
generate responses according to user queries with-
out any modifications. (2) Prompting: We follow
(Feng et al., 2024) in promoting cultural pluralism
with the same instruction “Make sure your response
reflects diverse values and perspectives”. (3) Joint:
Xu et al. (2025) adopted joint cultural alignment for
comprehensive LLM alignment with culture-aware
prompting. (4) Mixture-of-Experts (MoE): User
queries are matched to the best-suited community
LM, which generates culturally aligned responses.
(5) Modular: Feng et al. (2024) proposed three
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Figure 4: Comparison of semantic-consistency alignment score between our Cultural Palette and other methods
(Prompting, Joint) and merging strategies (Tie and Model Stock) on Llama3.1-8B-Instruct and Qwen2.5-7b-Instruct.

forms of multi-agent collaboration, including Over-
ton, steerable, and distributional modes.

5.4 Main Result

Cultural MoErges achieves superior alignment
with continent-level values and perspectives.
As shown in Fig. 4, Cultural MoErges consistently
achieves the strongest overall semantic-alignment
performance across continents, outperforming both
alignment-based and parameter-merging baselines.
Prompting and Joint alignment methods exhibit
limited regional adaptability, yielding substan-
tially lower scores under continent-specific eval-
uation (e.g., 59.58% in Africa and 60.79% in
Asia under Prompting on LLaMA-based models).
Parameter-merging approaches, including Model
Stock and Tie, provide moderate improvements
but display noticeable cross-continent inconsis-
tency (e.g., 71.13% in Europe versus 65.87% in
Oceania under Tie on Qwen2.5-7B-Instruct). In
contrast, Cultural MoErges enables coherent in-
tegration of continent-level reasoning, resulting
in consistent gains across regions. Specifically, it
achieves 71.05% in Africa and 70.76% in Oceania
on LLaMA-based models, and 77.88%—79.49% on
Qwen?2.5-7B-Instruct, surpassing strong modular
and merging baselines by approximately 1.5-3.0
percentage points. These results indicate that Cul-
tural MoErges effectively captures continent-level
cultural structure while maintaining semantic con-
sistency. A qualitative case study for culture align-
ment on question-answering w/ NLI evaluation is
detailed in Appendix C.1.

Cultural Palette achieves superior real-world
cultural alignment. (1) Best Performance: As
reported in Table 1, Cultural Palette consistently
attains the highest cultural alignment scores across

two LLMs, outperforming all baselines in 18 coun-
tries spanning five continents. On LLaMA3.1-8B-
Instruct, Cultural Palette achieves an average score
of 75.90%, surpassing the strongest baseline Mod-
ular (73.82%) by 2.08 percentage points, with pro-
nounced gains in Asia (3.73) and Africa (5.28),
regions where prior methods often struggle to cap-
ture cultural nuance. On Qwen2.5-7B-Instruct,
the improvement is even more significant: Cul-
tural Palette reaches 73.64%, exceeding Modular
by 4.13 percentage points, with consistent gains
across America (6.35), Europe (0.48), and Asia
(3.08). (2) Alignment Fidelity: Beyond S,
(Feng et al., 2024; Xu et al., 2025), we evaluate
distributional fidelity using Pearson correlation
with ground-truth survey data. Modular, which
relies on country-specific supervision, generalizes
poorly (Pearson » = —0.044). In contrast, Cul-
tural Palette, trained with continent-level priors
and transferred to individual countries, achieves
substantially higher correlation (r=0.555). This
demonstrates that coarse-to-fine regional transfer
improves stability and generalization while out-
performing direct country-level learning, which is
prone to data sparsity and overfitting. Detailed case
studies on GlobalOpinionQA and correlation analy-
ses are provided in Appendix C.1 and Appendix D.
(3) GPT-40 as Cultural Teacher: GPT-40 attains
a baseline alignment score of 71.88%, and our syn-
thetic dataset (Sec. 3) effectively enhances SLMs’
cultural alignment, surpassing GPT-4o itself in sev-
eral regions.

Ablation Study. To quantify the contribution of
each component, we perform three ablations (Ta-
ble 1): (i) w/o Cultural MoErges (CM): remov-
ing cross-cultural adaptation via CM; (ii) w/o Cul-



‘ America ‘ Europe ‘ Asia ‘ Africa ‘ Oceania ‘Avg

| USA CAN BOL BRA |GBR NLD DEU UKR|CHN RUS IND THA |KEN NGA ETH ZWE | AUS NZL |
GPT-do | 7247 7028 72.63 6944|7101 69.09 7304 7296|7218 7445 7216 7212|7350 7216 7239 7440 | 70.44 69.08 | 71.88

LLAMA3.1-8B-INSTRUCT (Dubey et al., 2024)
67.81 6546 6646 66.88 | 5921 6430 6395 59.13 | 6276 6272 66.18 63.01 | 67.54 66.80 6731 58.22 | 64.17 55.68 | 63.76
Prompting | 69.18 67.81 69.43 68.64 | 60.90 66.65 67.46 63.15 6581 68.09 69.67 6622 |69.12 6850 69.51 59.48 | 67.59 58.49 | 66.43
Joint | 70.10 69.24 7094 6635|6693 7027 70.54 66.11 | 67.41 6921 70.12 63.29 | 67.14 6844 66.75 6134 | 68.41 60.06 | 67.37
MoE | 7391 7097 7609 7550|7392 76.69 7248 72.87 | 7652 7441 73.02 75.07 | 74.85 78.76 69.57 70.30 | 6525 62.77 | 72.94
Modular | 75.14 75.70 76.60 76.29 | 76.46 76.71 74.98 71.69 | 74.16 73.56 7421 71.76 | 71.63 70.03 70.05 74.80 | 72.42 72.57 | 73.82
Ours | 7585 77.56 77.88 75.83 | 7648 76.53 7638 77.69 77.12 77.67 74.32 7554 76.12 77.07 73.65 7482 72.14 73.50 75.90
wloCM | 7012 7242 7277 7237|6931 7101 71.05 7012|7152 7239 71.84 6936|7068 7057 6623 69.66 | 69.80 69.51 | 70.60
wloCD | 7225 7377 73.80 7427|6223 7447 7325 7237|7370 7597 7599 71.90 | 7619 7294 67.74 60.09 | 73.44 69.01 | 71.85
w/loSR |7554 77.03 77.39 7525|7527 7632 7654 77.19 | 77.87 7742 7349 7457 | 7473 7608 71.93 73.89 | 71.67 71.04 | 75.18
QWEN2.5-7B-INSTRUCT (Yang et al., 2024a)

61.50 60.54 62.67 63.22]63.86 63.66 61.05 5932|6378 60.77 60.62 62.12|59.87 63.94 63.56 57.43 |54.40 5884 |61.18
Prompting | 63.18 63.80 6348 64.76 | 64.77 64.52 61.86 6275 | 64.99 6142 6135 62.20 | 61.60 63.15 6139 56.77 | 52.05 54.44 | 61.58
Joint | 70.00 6747 6503 6736|6690 68.74 6822 6321 6327 6280 69.25 6577 |69.36 69.35 66.67 66.20 | 68.00 62.79 | 66.69
MoE | 73.56 72.59 7431 71.07 | 70.96 6847 68.93 66.76 | 68.67 68.14 66.15 68.65|66.17 69.51 70.63 6599 | 70.51 65.49 | 69.25
Modular | 72.64 68.03 7243 73.66 | 69.21 71.21 7278 75.57 | 73.01 7479 66.62 72.19 | 69.44 7032 62.04 70.52 | 57.58 59.09 | 69.51
Ours |75.50 73.92 78.83 76.71 | 69.77 70.89 7391 75.58 7346 76.09 72.87 73.02 76.51 7451 7030 6925 74.85 69.57 73.64
wloCM | 6879 6746 69.63 6893|6297 66.19 69.48 68.56 | 68.83 68.01 69.26 66.57 | 6745 66.77 62.74 6547 | 66.87 67.16 | 67.29
w/loCD | 7262 6822 6852 7135|4930 6455 71.96 72.77 | 71.79 74.86 73.98 63.07 | 69.95 72.50 62.86 46.48 | 68.05 58.67 | 66.75
w/loSR | 7245 7084 7278 72.62|67.36 69.24 71.83 72.05|73.68 7426 73.06 7025|7211 7330 72.53 74.24 | 69.85 68.05 | 71.69

Table 1: Comparison of culture alignment score (converted to percentages) between Cultural Palette and baselines,
evaluated across 18 countries grouped by region: (1) America: USA (United States), CAN (Canada), BOL (Bolivia),
BRA (Brazil); (2) Europe: GBR (United Kingdom), NLD (Netherlands), DEU (Germany), UKR (Ukraine); (3)
Asia: CHN (China), RUS (Russia), IND (India), THA (Thailand); (4) Africa: KEN (Kenya), NGA (Nigeria), ETH

(Ethiopia), ZWE (Zimbabwe); (5) Oceania: AUS (Australia), NZL (New Zealand).

tural Draft (CD): excluding continent-level cul-
tural explanations; and (iii) w/o Self-Regulate (SR):
eliminating the self-regulation mechanism that in-
tegrates multiple drafts. Removing CM causes
the largest performance drop: on Qwen2.5-7B-
Instruct, the average score decreases from 73.64%
to 67.29%, with substantial declines in Asia (4.03
percentage points) and Oceania (4.40 percentage
points). This highlights CM’s key role in ground-
ing country-level alignment through continent-level
priors, which provide semantic regularization and
enable cross-national transfer under data scarcity
or noisy cultural signals. Ablating CD also re-
sults in notable losses, particularly in semantically
diverse regions such as the Americas (3.70) and Eu-
rope (6.91), indicating that CD expands the model’s
hypothesis space with grounded alternatives that
guide downstream reasoning. Removing SR pro-
duces smaller but consistent drops, with an average
decrease of 1.95 percentage points, emphasizing
its role in integrating multiple drafts into a coher-
ent cultural response. These findings validate our
multi-agent alignment strategy: CD enriches se-
mantic priors with diverse perspectives, CM an-
chors them through coarse-to-fine structural trans-
fer, and SR fuses divergent outputs into a culturally
coherent response, together enhancing and stabiliz-

ing culture alignment.

6 Conclusion

In this work, we propose Cultural Palette, a novel
multi-agent framework for culturally pluralistic
alignment in LLMs, modeling five continental cul-
tures as primary colors. Powered by the Pentachro-
matic Cultural Palette Dataset and a self-regulating
Cultural MoErges mechanism, Cultural Palette
dynamically aggregates continent-level agents to
adapt across cultural contexts. Empirical results
reveal three key findings: (1) Cultural MoErges
enables dynamic composition of continent-level
agents, surpassing four modular and training-based
baselines in semantic consistency and cultural
adaptability; (2) Synthesizing diverse continen-
tal data alone suffices to achieve fine-grained
continent-to-country cultural alignment, enabling
practical adaptation to country-level nuances with-
out the need for country-specific data collection;
and (3) Cultural Palette consistently outperforms
five pluralistic alignment baselines across both se-
mantic and cultural alignment metrics. Our re-
search may inspire future studies on modeling plu-
ralistic alignment by leveraging continent-level
agents to adapt to specific countries and their
unique cultural contexts.



Limitations

Our Cultural Palette integrates the core cultural
"colors" of five continents with a Meta Agent that
blends these base colors into a unified multi-agent
framework, symbolizing global cultural diversity
(Crang, 2013). Extensive experiments and case
studies show that our multi-agent framework en-
hances the cultural sensitivity and adaptability of
LLMs. While the multi-agent setup introduces
some computational complexity, as noted in (Feng
et al., 2024), we have addressed this by implement-
ing optimization techniques such as efficient align-
ment (Dao, 2024; Zhao et al., 2025) and inference
(Kwon et al., 2023), effectively reducing compu-
tational burdens. As a result, our framework re-
mains competitive with other cultural alignment
techniques while ensuring better scalability. Addi-
tionally, we envision ongoing efforts to distill the
framework’s capabilities into smaller LLM vari-
ants, enabling more efficient deployment across a
broader range of applications and devices.

Finally, as highlighted by (Xu et al., 2025; Feng
et al., 2024), culture definition and cultural map
division are inherently diverse and multifaceted.
We validate our Cultural Palette with continent-to-
country alignment based on continental cultural
geography (Crang, 2013), offering a flexible frame-
work that can be adapted to other cultural maps
(Lechner and Boli, 2008; Inglehart and Welzel,
2010) and encouraging exploration of alternative
cultural divisions to expand the applicability of our
Cultural Palette .

Ethical Considerations

This work builds on the public PRISM dataset (Kirk
et al., 2024) to construct the Pentachromatic Cul-
tural Palette Dataset for cultural alignment, in full
compliance with its usage policies. While aiming
to promote inclusivity and reduce bias, we recog-
nize potential risks of stereotyping or misrepresen-
tation. To address this, all generated data undergo
both model-in-the-loop and post-hoc human ethics
reviews for cultural sensitivity following Li et al.
(20244a). Our framework advances pluralistic, eq-
uitable representation via multi-agent alignment
and encourages continued expansion of culturally
diverse perspectives in alignment research.
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Appendix of Cultural Palette

This supplementary material provides supplemen-
tary materials: Appendix A describes the con-
struction details of Pentachromatic Cultural Palette
dataset, Appendix B details the experimental setup
and hyperparameters, Appendix C presents qual-
itative case studies on cultural alignment across
w/ NLI evaluation (C.1) and w/ GlobalOpinionQA
(C.2), and Appendix D provides an additional quan-
titative continent-to-country correlation analysis
with Modular Pluralism (Feng et al., 2024), further
validating Cultural Palette’s effectiveness in bridg-
ing continent-level reasoning with country-level
cultural alignment.

A Details for Pentachromatic Cultural
Palette Dataset

A.1 Prompt for Pentachromatic Cultural
Palette Dataset

Stepl: Continent-aware Responses

Instruction

You are a knowledgeable chatbot special-
izing in {Continent}. Provide concise, ac-
curate, and culturally sensitive responses
tailored to user queries about { Continent}’s
geography, culture, history, and current af-
fairs. Ensure your responses demonstrate
respect and understanding of the diverse cul-
tures within { Continent}.

1. Understand Query Context:

Identify the topic and cultural relevance of
the user’s query (e.g., geography, culture,
history, or current events).

2. Generate Continent-aware Response:
Show respect for the diverse cultures, avoid-
ing assumptions or biased statements. High-
light the uniqueness and importance of spe-
cific cultural aspects when appropriate.
Examples:

Question: {Question} Answer: { Answer}
Input: {Question}

Output: {Continent-aware Response }

Figure 5: Prompt for continent-aware responses

12

Step2: Cross-continent Feedback

Instruction

Review the response for cultural clarity, en-
suring { Continent} perspectives are promi-
nent and free from interference by other
cultures {Other Continents}. If confusion
arises, provide improvement suggestions us-
ing Hofstede’s cultural dimensions:

1. Analyze Query Context:

Assess whether the response fully aligns
with the cultural, historical, and geographi-
cal relevance of { Continent}. Identify any
unnecessary elements or overlaps with other
continents’ cultural markers.

2. Refine Response for {Continent} Per-
spective:

Emphasize key cultural, historical, or envi-
ronmental aspects unique to {Continent}.
Remove any elements that might introduce
cultural interference or bias. Ensure the re-
sponse highlights community, tradition, and
respect for local customs.

3. Apply Hofstede’s Cultural Dimensions
Theory for Feedback:

- Power Distance (PDI): Does the response
reflect the balance between leadership (e.g.,
village chiefs) and community roles?

- Individualism vs. Collectivism (IDV):
Does it highlight collective well-being and
community-driven decisions?

- Masculinity vs. Femininity (MAS): Does
it prioritize care, cooperation, and harmony
over competition?

- Uncertainty Avoidance (UAI): Does it
address Oceania’s adaptability to change
while respecting traditions?

- Long-Term vs. Short-Term Orientation
(LTO): Does it balance preservation of tra-
ditions with immediate adaptability?

- Indulgence vs. Restraint (IVR): Does
it reflect the expressive and celebratory as-
pects of Oceanian cultures?

Input: {Continent-aware Responses}
Output: {Cross-continent Feedback }

Figure 6: Prompt for cross-continent feedback



Step3: Continent-specific Aggregation

Instruction

You are tasked with improving the following
response for the query {query} by incorpo-
rating the cross-continent review feedback.
1. Review Context Response:

Caretully read and analyze the Base Re-
sponse and Review Feedback provided.
Identity elements in the base response that
lack focus on {Continent} or introduce cul-
tural elements from other continents.

2. Apply Review Feedback:

Incorporate all suggestions from the review
feedback into the base response. Ensure
the revised response highlights { Continent }-
specific culture, history, and values and fo-
cus on {Continent} Perspectives, avoiding
any overlap with other cultural contexts.
Input:

Base Response: {BBase response}

Review Feedback: {Review feedback}
Output: {Continentfocused Response}

Figure 7: Prompt for Continent-specific Aggregation
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Step4: Self-Judge Refinement

Instruction

You are now a cultural self-judge. Your task
is to assess whether the aggregated response
reflects accurate, respectful, and continent-
specific perspectives for the user query. Crit-
ically evaluate the revised response based
on feedback, and decide whether further im-
provement is needed.

1. Evaluate Cultural Fidelity:

Check if the revised response aligns with
the core values, traditions, and worldview
of {Continent}. Is the response focused,
respectful, and specific? Does it avoid gen-
eralizations or unrelated cross-cultural ref-
erences?

2. Verify Feedback Integration:
Determine whether the suggestions from
cross-continent feedback have been fully
addressed. Are the earlier critiques resolved
in this version?

3. Quality Criteria for Acceptance:
Approve the response only if it meets all the
following: - Emphasizes cultural clarity and
salience - Integrates prior feedback - Avoids
cultural interference - Is concise, coherent,
and informative

Output:

If the response is acceptable, return: [Ap-
proved]

If the response requires revision, return:
[Revise] And explain what needs to be
changed.

. v

Figure 8: Prompt for self-judge refinement to ensure
cultural alignment

A.2 Distribution in Pentachromatic Cultural
Palette Dataset

Figure 9 illustrates the distribution of topics and
continent over our Pentachromatic Cultural Palette
Dataset. The topics were categorized using a topic
modeling Ilm 3 which classifies the questions into
distinct thematic clusters. The distribution of conti-
nents, on the other hand, is evenly balanced, with
an equal number of questions synthesized for each
continent: Africa, America, Asia, Europe, and
Oceania.

3https://huggingface.co/classla/multilingual-IPTC-news-
topic-classifier, License: cc-by-sa-4.0
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Figure 9: Distribution of topics and continents in Pentachromatic Cultural Palette Dataset.
965 B Experiment Details Licenses. The licenses for the codes used in our 988
. . work are listed in Table 2. 989
966 Experiment Setting. We adopt the ORPO
967 method (Hong et al., 2024) with default hy-
968 perparameters for Llama3.1-8B-Instruct (Dubey
969 et al., 2024) and Qwen2.5-7B-Instruct (Yang et al.,
970 2024a), using a learning rate of 5e-5 for 2 epochs.
971 We select the average result from five runs as the
972 experimental results.
973 Alignment Implement. We align continent-
974 specific LLMs using ORPO (Hong et al., 2024),
975 optimizing the following loss, Lorpo:
1y i i
Lorro = — ; [K(Pref( ) Query )
Ay ( logr (bg parret®) Query@)))]
= o(Rejl” | Query™)
(b) Cross-continent Contrastive Alignment
976 ()
977 where ¢(Pref®), Query”) denotes the continent-
978 specific supervised fine-tuning (SFT) loss, align-
979 ing the LLM to generate the preferred response
980 Pref(®) given query Query(i). The second term en-
981 forces cross-continent contrastive alignment by pe-
982 nalizing less-preferred responses Rej ,(;) from other
983 continents that diverge from the preference of the
984 target region. We set the odds ratio A = 0.1, fol-
985 lowing MS-Swift (Zhao et al., 2025), to balance
986 in-continent preference alignment with interconti-
987 nental contrastive separation.



Resources Type Link

License

MergeKit (Goddard et al., 2024) Code https://github.com/arcee-ai/mergekit
MS-Swift (Zhao et al., 2025) Code https://github.com/modelscope/ms-swift

LGPL-3.0 license
Apache-2.0 license

Table 2: Licenses for the software libraries utilized in our work.

C Case Study

C.1 Case Study for Cultural Alignment w/
NLI evaluation

To validate our Cultural Palette’s efficacy, we con-
ducted a case study (Tables 3 & 4) addressing the
question, "What happens when we die?" , to demon-
strate how our Cultural Palette generates diverse re-
sponses across continents, reflecting each region’s
unique perspective on death. In Oceania, the re-
union of souls with ancestors is emphasized, high-
lighting the cultural significance of these traditions.
In Africa, the continuity of the soul and its con-
nection to ancestors reinforce communal bonds. In
Asia, beliefs such as reincarnation, enlightenment,
and ancestor worship illustrate varied views of the
afterlife. In America, a blend of perspectives is
presented, including concepts of the afterlife and
views on the cessation of consciousness. Finally,
Europe encompasses various death-related tradi-
tions, showcasing the diversity of beliefs about life
after death. This analysis underscores the model’s
ability to capture cultural contexts and reveals dis-
tinct views on death across continents.

C.2 Case Study for Cultural Palette w/
GlobalOpinionQA

We provide a case study for Cultural Palette w/
GlobalOpinionQA to demonstrate how our Cultural
Palette works, as detailed in Table 5.
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Continent Input: What happens when we die?

Ground Truth

‘ Ssemantic

Oceania

In Oceania, the concept of death and the
afterlife varies among different cultures
and communities. Many indigenous cul-
tures in Oceania believe in a spiritual
realm where the deceased continue to
exist and play an active role in the lives
of the living. For example, in some Pa-
cific Island cultures, the spirits of ances-
tors are believed to guide and protect
their descendants, while in other cul-
tures, the deceased are thought to jour-
ney to a spiritual realm where they are
judged based on their actions in life.

In Oceania, the beliefs surrounding

what occurs after death are rich and
diverse. Among the indigenous com-

munities, there is a profound con-
nection to an afterlife where spir-
its are reunited with their ances-
tors in a sacred land. Additionally,
some cultures embrace the idea of
reincarnation or embarking on a
spiritual voyage to another realm

beyond our earthly existence. It is
paramount to approach these beliefs
with deep respect and understanding,
honoring the profound significance
they hold within Oceanian cultures.

0.8927

Africa

In many African cultures, the concept of
death is deeply intertwined with spiri-
tuality and the afterlife. The belief in an
afterlife varies among different African
societies, but it is often seen as a contin-
uation of life in a spiritual realm. The
deceased are believed to journey to the
spirit world, where they are judged based
on their deeds in life. [The spirits of the
ancestors are revered and believed to
play a significant role in guiding the
living.

In various African cultures, there is
a profound belief in the continuity of

life beyond death. Ancestral spir-
its play a significant role, where
the departed are thought to watch
over and guide their living rela-
tives. This connection with ances-

tors is cherished, and rituals are per-

formed to honor and communicate
with them. Additionally, some tradi-

tions believe in reincarnation, sug-
gesting that the soul returns in a
new form after death. The respect

for these diverse beliefs reflects the
communal values deeply rooted in

many African societies, honoring

the interconnectedness between the
living and the deceased.

0.7671

Asia

In many Asian cultures, the concept of
death is deeply intertwined! with spiri-
tual beliefs and traditions. The idea of
what happens after death varies across
different cultures and religions in Asia.
For example, in Buddhism, the belief is
that the soul is reborn into a new ex-
istence based on past actions, known
as karma. In Hinduism, the soul is be-
lieved to be reincarnated into a new life
cycle, influenced by the law of karma.
In many Asian cultures, the deceased are
often believed to continue their journey
in the afterlife, where they may be re-
united with ancestors or other loved
ones. [t’s important to note that these be-

liefs can vary widely across different cul-
tures and individuals in Asia.

In Asian cultures, diverse beliefs
shape perspectives on death and
the afterlife.  Hinduism teaches
that souls undergo reincarnation

driven by karma, seeking spiri-
tual growth. Buddhism emphasizes
breaking free from the cycle of re-
birth through enlightenment. In
Japan, ancestor veneration and a
belief in spirits existing in the after-
life are prominent practices. The
rich tapestry of Asian beliefs offers

varied insights into what lies beyond
our earthly existence.

0.5847

Table 3: Case Study for Cultural Platette on Cultural Alignment w/ NLI evaluation (A).
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Continenr

Input: What happens when we
die?

Ground Truth

Ssemcmtic

America

In American culture, the concept of
what happens after death is deeply
rooted in various beliefs and tradi-
tions. Many Americans find solace
in the idea of an afterlife, where
the soul continues to exist in a
spiritual realm. This belief is often
tied to religious teachings, such
as Christianity, Judaism, Islam,
and others. Some believe in rein-
carnation, while others may view
death as the end of physical ex-
istence. It’s important to acknowl-

edge that these perspectives vary
widely among individuals and com-
munities in America.

In American culture, beliefs about
what happens after death can vary

widely. Some Americans adhere
to religious beliefs that include
an afterlife in heaven or hell,
while others believe in concepts
like reincarnation. Addition-
ally, some Americans view death
from a more secular perspec-
tive where consciousness simply
ceases to exist.

0.7557

Europe

In Europe, the concept of what hap-
pens after death is deeply rooted
in various cultural, religious, and
philosophical beliefs. [The idea
of an afterlife, where the soul
or spirit continues to exist be-
yond physical death, is a com-
mon thread in many European
cultures. For example, in Chris-
tianity, the belief in heaven and
hell is prevalent, while in Islam,
the concept of Jannah (paradise)
and Jahannam (hell) is central.
Additionally, some European cul-
tures believe in reincarnation or
the transmigration of the soul. It’s
important to note that these beliefs
can vary significantly across differ-

ent European countries and commu-
nities.

In Europe, the beliefs regard-
ing what happens when we die
are deeply rooted in diverse cul-
tural and religious traditions. For
instance, Christian belief in
heaven and hell has been sig-
nificant throughout European
history, shaping perspectives on
the afterlife. Similarly, Nordic
cultures have a rich tradition of
Valhalla, a majestic hall where
warriors go after death. Further-
more, the Greek belief in the
underworld, ruled by gods like
Hades and Persephone, adds an-
other layer to European percep-
tions of death. These varied be-

liefs reflect the intricate tapestry
of European culture and highlight
the importance of understanding
and respecting different perspec-
tives on life’s end.

0.7085

Table 4: Case Study for Cultural Platette on Cultural Alignment w/ NLI evaluation (B).
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Cultural Palette |

Step

Question

Question: Most people consider both freedom and equality to be important, but if
you had to choose between them, which one would you consider more important?
Options: A. Freedom B. Equality C. Don’t know D. No answer

Draft

African Culture perspective: From an African perspective, the concept of
equality is deeply rooted in many African cultures, where community and
collective well-being are highly valued. In this context, prioritizing equality over
freedom is often seen as a way to promote social cohesion, reduce inequality, and
ensure that everyone has a fair chance to succeed ... This philosophy suggests
that individual freedom is not as important as the collective well-being of the
community. B. Equality

America Culture perspective: From an American perspective, considering New
Zealand’s unique culture, traditions, and history, one might argue that equality is
more important. ... Their focus on freedom reflects a commitment to individual
rights and autonomy, which are core values in New Zealand’s society. While
equality is undoubtedly crucial, the context of New Zealand’s history and culture
emphasizes the importance of freedom in fostering a just and inclusive society.
A. Freedom

Oceania Culture perspective: From an Oceania perspective, New Zealand’s
unique culture, traditions, and history emphasize the importance of freedom. ... In
the Pacific region, the concept of "manaakitanga" (respect and care for others)
is deeply rooted in many cultures, but it is often balanced with the importance
of individual freedom and autonomy. New Zealand’s emphasis on freedom
reflects this balance, prioritizing the rights and freedoms of individuals while also
promoting social cohesion and community. A. Freedom

Europe Culture perspective: From a European perspective, New Zealand’s
unique culture, traditions, and history highlight a strong emphasis on both freedom
and equality, reflecting its Maori and European influences. ... However, given the
options provided, the most appropriate answer would be C. Don’t know, as the
question presents a false dichotomy. In New Zealand’s context, both freedom and
equality are considered paramount, and the country’s history and culture do not
necessitate a choice between them. C. Don’t know

Asia Culture perspective: From an Asian perspective, New Zealand’s emphasis
on equality is particularly relevant in its multicultural society ... In this context,
equality is considered more important than freedom, as it ensures that all indi-
viduals have equal opportunities and are treated with dignity and respect. This
aligns with the values of many Asian cultures, which prioritize harmony and social
cohesion over individual freedom. B. Equality

Regulate

Considering the diverse cultural perspectives, New Zealand’s cultural attributes
can be summarized as community and collective well-being, freedom, and mul-
ticulturalism... Many cultures, including African, Asian, and Pacific Islander,
prioritize community and collective well-being, while others, such as American
and European, value individual freedom and autonomy... the Oceania perspective
emphasizes the importance of freedom... Individual freedom is essential to pro-
moting social cohesion and community, and New Zealand’s emphasis on freedom
reflects a commitment to individual rights and autonomy. ... A. Freedom

Answer

A. Freedom

Gold Distribution: [0.6709999999999999,  0.242, 0.061, 0.0,
0.026000000000000002]

Pred Distribution: [0.6049056212210604, 0.3230594648058141,

0.060349139731253465, 0.0116857742428727]

Table 5: Cultural Alignment on Decision-Making in Household Finances
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D Comparative Analysis via Pearson
Correlation Across Countries
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Figure 10: Comparative Analysis of Modular Pluralism
(Feng et al., 2024) and Cultural Palette Models via Pear-
son Correlation Across Countries

The comparison detailed in Fig. 10 illustrates
that the Cultural Palette model consistently cap-
tures cultural and regional nuances more effectively
across diverse countries such as Ethiopia, India,
and Kenya, where it achieves notably higher Pear-
son correlations. This suggests strong adaptability
to local contexts and complex sociocultural pat-
terns. In contrast, Modular Pluralism (Feng et al.,
2024) struggles in these countries, often producing
low or near-zero correlations, highlighting its lim-
ited ability to model cultural heterogeneity within
and across nations. Additionally, even in coun-
tries like Russia, China, and Ukraine, the Cultural
Palette maintains a clear advantage, reinforcing the
importance of culturally aware modeling. These
qualitative insights emphasize that incorporating
country-specific cultural factors is critical for build-
ing robust predictive models in global, multicul-
tural environments.
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