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Abstract

Large language models (LLMs) achieve strong
performance on many tasks, but their progress
remains uneven across languages and cul-
tures, often reflecting values latent in English-
centric training data. To enable practical cul-
tural alignment, we propose a scalable ap-
proach that leverages national social studies
curricula as a foundation for culture-aware su-
pervision. We introduce CuCu, an automated
multi-agent LLM framework that transforms
national textbook curricula into open-ended,
culture-specific question—answer pairs. Apply-
ing CuCu to the Korean national social stud-
ies curriculum, we construct KCaQA, compris-
ing 34.1k open-ended QA pairs. Our quantita-
tive and qualitative analyses suggest that KCaQA
covers culture-specific topics and produces re-
sponses grounded in local sociocultural con-

texts. !

1 Introduction

Large language models (LLMs) have demonstrated
remarkable performance on complex tasks, yet this
progress has been uneven across languages and
cultures. As training corpora are dominated by
English-centric resources (Qin et al., 2025; Zhu
et al., 2024; Blasi et al., 2022), LLMs often inter-
nalize values and cultural framing latent in these
resources. This yields culturally hollow outputs
or inappropriate behaviors when applied to under-
represented regions (Tao et al., 2024; AlKhamissi
et al., 2024; Held et al., 2023). As LLMs are de-
ployed in culture-sensitive domains, this skew be-
comes consequential, leading to reduced perfor-
mance, biased judgments, and limited cultural sen-
sitivity in local sociocultural contexts (Romanou
et al., 2025; Kwok et al., 2024; Cecilia Liu et al.,
2024; Foroutan et al., 2022).

'CuCu and KCaQA are available at https://anonymous.
4open.science/r/cucu/.

Post-training (e.g., supervised fine-tuning and
preference optimization) offers a practical path to-
ward culture-adapted or sovereign LLMs (Xu et al.,
2025; Guo et al., 2025; Masoud et al., 2025). How-
ever, obtaining high-quality supervision grounded
in local civic norms, historical narratives, and so-
cial institutions remains a major bottleneck (Laiyk
et al., 2025). Existing multilingual post-training
datasets are typically general-purpose (e.g., daily
life, STEM, reasoning) and often produced via
translation of English resources (Li et al., 2023),
which provides linguistic coverage but weak cul-
tural grounding (Rachamalla et al., 2025).

In this paper, we propose using national curric-
ula as a structured prior for generating culture-
grounded supervision at scale. Unlike ad hoc
prompts or translated datasets, national curricula
are carefully designed by domain experts and, in
many countries, publicly published by governments
or educational authorities; they explicitly enumer-
ate what students are expected to learn and thereby
provide both coverage (which topics a society pri-
oritizes) and constraints (how those topics should
be framed in relation to civic norms and institu-
tions). This structure offers a principled backbone
for constructing open-ended, culture-specific ques-
tion answering (QA) supervision.

We introduce CuCu (from national Curricula to
Cultural Awareness, pronounced kkukku), a multi-
agent LLM framework that leverages textbook
curricula to automatically generate open-ended,
culture-specific question—answer pairs (Figure 1).
We apply CuCu to the Korean national social studies
curriculum to produce KCaQA (Korean Culturally-
aware QA, pronounced kkakka), comprising 34.1k
open-ended, culture-specific QA pairs on Korean
culture in four languages. By grounding the gener-
ation process in national standards, CuCu ensures
that the resulting data incorporates culture-specific
knowledge as well as normative perspectives re-
quired for genuine cultural awareness.
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Query “2F {(212)/22| Az|o|M/SH20| M} X E A, N7, CIX| Yt 22 | Yool o FES FEX| 238, ofEH HSsHof =|x|?”
(“I'm curious about how low birth rates, aging populations, and digitalization are affecting daily life
{(None)/in our society/in South Korea} these days. How should we adapt to these changes?)
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(“[Intermediate] Recently, in South Korea, fewer babies have been born (low birth rates), and the population has been
gradually aging (population aging). [...]")
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Figure 1: Overview of CuCu. CuCu constructs an open-ended culture-specific QA pairs using national curricula.

2 Related Work

2.1 Al-assisted Data Construction

The construction of natural language data has tra-
ditionally been conducted manually, but the recent
disclosure of generative language models has en-
abled practitioners to obtain such resources with the
help of machines. Especially for the pre-training
and post-training data of language models, Gu-
nasekar et al. (2023) has demonstrated the signifi-
cance of synthetic textbook-like materials as a suf-
ficient and necessary source of learning. Follow-
ing this light, Cosmopedia (Ben Allal et al., 2024)
investigated diverse depths in data synthesis, con-
sidering a wide range of domains and audiences.
These approaches led to multiple data generation
attempts in alignment (Wang et al., 2024), reduc-
ing hallucination (Jones et al., 2024), and further
synthesizing frameworks (Maini et al., 2025).

2.2 Culture-specific NLP Data

Regardless of the data creation being manual or Al-
assisted, culture-specific NLP data construction has
long been a topic of interest among diversity and
inclusivity interest groups. Though culture incor-
porates a wide range of dimensions, including re-
gion and nation, ethnic, social groups, custom, etc.
(Spencer-Oatey and Franklin, 2012), we mainly fo-
cus on social consensus that lies in a specific culture
and language. This differs from approaches that fo-
cus on professional knowledge, and is rather close
to approaches that aim at ensuring or benchmark-
ing language models’ capability of understanding

customs and teachings (Li et al., 2024), norm (Rao
et al., 2025), and common grounds (Tanwar et al.,
2025) shared among cultural groups.

Especially for Korean, prior studies have tack-
led the evaluation of language model alignment
considering cultural heritage (Kim et al., 2022),
historical knowledge (Son et al., 2024), or social
bias (Jin et al., 2024; Lee et al., 2023). Lee et al.
(2024) has investigated social values and common
knowledge regarding Korean among LLMs, but the
dataset is close-ended and does not necessarily ac-
count for LLM-targeted questions, while Ko et al.
(2025) only handles factuality issues instead of so-
ciocultural norms and values. In this light, we aim
to construct a framework and the following dataset
that handles open-ended culture-specific questions
in view of standard and refined source of value.

3 CuCu and KCaQA

We introduce CuCu (from national Curricula to
Cultural Awareness), a multi-agent LLM frame-
work that constructs an open-ended, culture-
specific QA dataset using national curricula. Fig-
ure 1 describes an overview pipeline of CuCu.

Query Generation. We use Solar Pro 2 (Up-
stage, 2025) and GPT-40 : (OpenAl et al., 2024) to
generate or revise query texts and to evaluate query
texts in each LLM agent, respectively.

1. Initial query generation: We generate an ini-
tial query in Korean based on a learning out-
come (i.e., a pair of a learning objective and an

*Model version: gpt-40-2024-08-06



achievement criterion). We (1) generate a query,
(2) evaluate whether it fully reflects the learning
outcome, and (3) revise based on the feedback,
repeating this loop up to five times.

2. Culture-sensitive filtering: We filter out
queries that involve general, culture-agnostic
knowledge, further improving their naturalness
and language use.

3. Paraphrasing & Augmentation: We para-
phrase the initial query into two additional
queries that target the same learning outcomes
but differ in style and tone. Each resulting query
is then expanded into three variants: (1) without
mentioning any culture or country, (2) implicitly
referring to “our/my” culture or country, and (3)
explicitly stating the name of a specific culture
or country.

4. Human validation & Refinement: One of the
authors, who is a Korean L1 speaker born and
raised in Korea, who has been educated under
the Korean national curricula and thus is familiar
with its norms and culture, manually validates
and refines queries generated by multi-LLM
agents. This process mainly includes (1) revis-
ing queries to be natural colloquial questions,
(2) inspecting if the variants imply the same
meaning regardless of the presence of culture
or country-related expressions, and (3) assuring
that queries adhere to the learning objective and
the achievement criteria, not handling topics that
are overly generic or too professional.

5. Multilingual extension: We finally extend the
queries into three additional languages (i.e., En-
glish, Chinese, and Japanese) by translating the
ones explicitly stating the culture/country name.

Response Generation. We use four open-source
LLMs (i.e., GPT-0SS (OpenAl et al., 2025), Qwen3,
Qwen3-Next (Yang et al., 2025), and DeepSeek
R1 (DeepSeek-Al et al., 2025)) to generate re-
sponse texts.

1. User-tailored response generation: For each
query, we produce three variants targeting differ-
ent audience bands—Basic, Intermediate, and
Advanced—to cover a range of readability and
assumed background knowledge.

2. Response evaluation: We evaluate each can-
didate for (1) language consistency with the

query, (2) appropriateness of difficulty in terms
of style/readability and content depth, and (3)
alignment with the corresponding learning out-
comes.

3. Response revision: We revise the response and
repeat this process up to five times.

To showcase CuCu, we use the 2022 Revised El-
ementary, Middle, and High School National Cur-
riculum of Social Studies -, published by the Min-
istry of Education, Republic of Korea, as a source
data. We extract 357 atomic pairs of learning ob-
jectives and achievement criteria and filter out 158
learning outcomes, generating 2,844 queries (i.e., 3
paraphrasing X (3 Korean variants + 3 translations)
X 158 learning outcomes). In total, we construct
KCaQA (Korean Culturally-aware QA), comprising
34,128 QA pairs (i.e., three different responses per
2,844 queries) that reflect Korean cultural knowl-
edge and perspective. We provide further details on
our design choice and discuss wider adaptability in
Appendices B.1 and B.2.

4 Discussions

4.1 KCaQA Quantitative Analysis

Culture-specific Query. We analyze whether
KCaQA queries cover culture-specific topics us-
ing topic modeling. In particular, we compare
the Korean explicit queries in KCaQA with Korean
LIMA (Zhou et al., 2023) dataset4, a high-quality,
general-domain QA dataset for LLM alignment
training. The resulting distributions diverge sharply,
with a JSD of 0.807 between KCaQA and Korean
LIMA; a 1k permutation test confirms the differ-
ence is significant (p < 0.01). A qualitative inspec-
tion of the top-10 most skewed topics suggests that
KCaQA mainly covers Korean sociocultural content
(e.g., Korean geography, economy, history, climate,
and politics), whereas Korean LIMA is dominated
by general-purpose daily-life topics (e.g., STEM,
recipes, and advice).

User-tailored Response. We examine whether
KCaQA responses match their intended difficulty
level (i.e., Basic, Intermediate, and Advanced). Ta-
ble 1 reports readability statistics across languages
in terms of response length and lexical diversity,
measured by the number of tokens, the number

3https://ncic.re.kr/

*Translated version of LIMA dataset. Accessible at https:
//huggingface.co/datasets/taeshahn/ko-1ima
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of sentences, tokens per sentence, and the rare
token ratio. In general, KCaQA responses become
longer and syntactically denser with increasing tar-
get level, while lexical diversity also increases.

Lang. LvlL ‘ #tokens # sentences TPS RTR
B 49.6 33 155 0.14
Ko I 113.9 48 239 023
A 178.2 6.0 302 0.30
B 27.7 35 82 024
En I 63.6 50 12.8 0.25
A 103.5 62 17.1 0.31
B 79.0 34 238 024
Zh I 191.5 48 404 0.26
A 313.7 6.0 536 0.27
B 27.6 34 84 0.15
Ja I 66.5 49 13.8 0.21
A 112.7 63 18.6 0.57

Table 1: Readability statistics of KCaQA responses across
languages and target levels. B, I, and A indicate basic,
intermediate, and advanced levels. TPS and RTR denote
token per sentence and rare token ratio, respectively.

4.2 KCaQA Quality Estimation

We validate the data quality of KCaQA by LLM-as-
a-judge (Zheng et al., 2023) and human inspection.
The evaluation criteria include the following di-
mensions, with detailed rubrics described in Ap-
pendix D.

» Language selection: If both query and response
are monolingual in the target language;

e Cultural appropriateness: If both query and
response adhere to the desired stance regarding
culture-sensitive concepts;

* Language use: If the style and expressions of
both query and response are appropriate and nat-
ural.

LLM-as-a-Judge. We employ GPT-5.2 > (Ope-
nAl, 2025) to automatically assess the quality of
KCaQA. Specifically, the model outputs a binary
decision for language selection (0/1) and assigns
Likert-scale scores (1-10) for cultural appropri-
ateness and language use. KCaQA achieves 0.91 ac-
curacy on language selection, with average scores
of 8.56 and 7.78 for cultural appropriateness and

*Model version: gpt-5.2-2025-12-11

language use, respectively. These results suggest
that KCaQA produced by CuCu largely satisfies the
intended language constraints and stance require-
ments for culture-specific concepts. Full results are
reported in Table 2 in Appendix B.3.

Human Inspection. We manually inspect all Ko-
rean instances and a randomly sampled set of mul-
tilingual instances to qualitatively assess the con-
tent and style of KCaQA. In most cases, queries
capture the core topic of the learning objective,
and responses align with the corresponding crite-
ria. However, we observe minor issues in a small
fraction of instances, including empty generations,
code-switching, and language mismatch. We also
identify cases where the target language appears
to shape lexical or cultural choices in the response.
For example, Japanese responses sometimes shift
from Korean-standard terminology to expressions
preferred in Japan. While this can be value-neutral
when it reflects conventional localization (e.g., us-
ing ‘MEXT’ instead of ‘MOE’), we also observe
substitutions in disputed, politically contested do-
mains, where responses adopt Japan-aligned termi-
nology (e.g., ‘Takeshima’ instead of ‘Dokdo’ or
using only ‘Sea of Japan’ while omitting ‘East
Sea’). In addition, some multilingual responses
omit details of historically significant events (e.g.,
‘March First Movement’, a major rebellion against
Japanese colonialism). These observations sug-
gest that the target language may influence re-
sponse faithfulness and completeness, particularly
for culture-specific queries.

5 Conclusion

We propose a scalable recipe for culture-grounded
post-training supervision by leveraging national so-
cial studies curricula as an expert-structured prior.
We introduce CuCu, an automated multi-agent LLM
pipeline that converts learning outcomes into open-
ended, culture-specific QA pairs, and apply it to the
Korean national social studies curriculum to gener-
ate KCaQA comprising 34.1k QA pairs across four
languages. Through quantitative and qualitative
analyses, we show that KCaQA captures curriculum-
specified, culture-specific topics and yields answers
that are grounded in Korean sociocultural context
across languages. This study provides a practi-
cal and reproducible path to constructing cultur-
ally grounded supervision for sovereign or culture-
adapted LLMs.



Limitation

This study incorporates several conceptual and
methodological limitations that require acknowl-
edgment.

First, the concepts of language, linguistic region,
cultural region, ethnicity, and nation-state each
carry distinct meanings, yet our approach examines
cultural reflection primarily through the lens of na-
tional curricula. This methodology proves feasible
for South Korean, where its compact nation-state
highly aligns with the cultural boundary. However,
this approach faces challenges when applied to
nation-state in multiple geocultural regions with
varying cultural contexts.

Second, our analysis focuses exclusively on
Seoul Korean as used in the Republic of Korea
(ROK) and references the standard curriculum of
Republic of Korea. This scope excludes Pyongyang
Korean as employed in the Democratic People’s
Republic of Korea (DPRK) and does not consider
North Korea’s educational standards. While we at-
tempted to select queries and responses that would
minimize controversial elements, certain aspects
may not align with North Korean linguistic or edu-
cational norms.

Third, our use of national curricula as primary
sources for query and response generation, while
ensuring verified and socially accepted content,
does not fully capture the range of geocultural char-
acteristics expressed through language. Curricula
represent institutionalized knowledge rather than
the complete spectrum of cultural expression. Nev-
ertheless, our framework maintains sufficient flexi-
bility to accommodate alternative source materials
that may more comprehensively represent linguis-
tic and cultural phenomena when such resources
become available.

Broader Impact Statement

Our dataset construction process mainly consists of
automated synthesis and validation, which is trans-
parently shared to ensure reproducibility. Addition-
ally, our study does not involve the recruitment
or engagement of human subjects, thereby min-
imizing subjective influence. While we conduct
some manual inspection for qualitative analysis,
we adopt the same predefined guidelines as those
provided to LLMs.

We regard the national curricula of the Repub-
lic of Korea as a reliable data source, which may
be subject to bias. While the 2022 reform reflects

some public will for curricular revision (Cho et al.,
2023; Lee and Eun, 2024), it does not necessarily
guarantee that curricula are presented in a fully
unbiased manner, with all potential concerns ad-
dressed. This implies a potential amplification of
the bias for those who use our framework, queries,
or answers in their practice. Furthermore, multiple
nations, including the Republic of Korea ® have
ongoing discussions about bias or revisionism in
some national curricula. Therefore, practitioners
from multiple national or cultural regions should
caution that the national curricula to be adopted
may propagate unresolved controversies, either at
the domestic or international level.

We use ChatGPT, Gemini, Claude, and Copilot
for writing and coding assistance.
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Appendix
A Reproducibility Statement

For open-source LLM inference, we use 4 H200
GPUs with 564 GB memory and 4 RTX 8000 GPUs
with 188 GB memory. For proprietary LLM infer-
ence, we use the official API implementation of
each model. We use the following LL.Ms for re-
sponse generation via Hugging Face:

* openai/gpt-o0ss-120b,
¢ Qwen/Qwen3-235B-A22B,
* Qwen/Qwen3-Next-80B-A3B-Thinking,

¢ deepseek-ai/DeepSeek-R1.

In Section 4.1, we use Korean Sentence
BERT (Park and Shin, 2021) for query analysis to
fit a single BERTopic (Grootendorst, 2022) model
on the two corpora, representing each instance as
a document that concatenates the query and its
paired response. For response analysis, tokens are
obtained with wordfreq (Speer, 2022), a unified
multilingual tokenizer. The rare-token ratio is com-
puted only over in-vocabulary tokens (OOV ex-
cluded), using a language-specific threshold set to
the bottom 25% of Zipf-frequency values estimated
from all responses in that language.

B Additional Discussions

B.1 Design Choices of CuCu and KCaQA

CuCu. During the response generation in CuCu,
we produce three response variants—Basic, Inter-
mediate, and Advanced—based on the following
dimensions.

Dimensions for three response variants

¢ Basic:

— Audience: elementary school students and
young children

— Language: very simple words, short sen-
tences, and concrete ideas

— Style: use everyday examples and simple
comparisons; one idea per sentence

— Content: provide only the most basic and
essential meaning of the topic

— Length: around 2-3 short sentences

¢ Intermediate:

— Audience: high school students and young
adults

— Language: clear, structured explanations
similar to the national curriculum and text-
books

— Style: show balanced reasoning and connect
personal experience with broader social con-
text

— Content: when relevant, incorporate the

Learning Objective and Achievement Stan-
dards

— Length: around 4-6 sentences

¢ Advanced:

— Audience: adults, university students,
graduate-level learners, and professionals

— Language: analytical, evidence-based, and
conceptually deeper

— Style: culturally grounded perspectives com-
mon among well-educated Korean adults

— Content: offer contextual analysis, balanced
arguments, and practical implications; when
relevant, mention history, institutions, data,
or research

— Length: around 6-12 sentences, possibly in
two short paragraphs

KCaQA. The up-to-date Korea national curricula
released in 2022 incorporate the following sub-
jects: Korean language, Mathematics, Social Stud-
ies, Science, Moral Education, Technology & Home
Economics, Music, Fine Arts, Physical Education,
Computer & Information, Classical Chinese, Sec-
ond Foreign Language, and Creative Experiential
Activities. Among them, we use the Social Studies
curriculum only to build KCaQA, as other subjects
largely cover culture-agnostic, general knowledge.
For example, Moral Education primarily does not
target Korean normative values but rather offers
general social philosophy and theory. In contrast,
Social Studies encompasses various sub-contents
closely related to Korean culture: Korean/Asian/-
World History, Korean/International Geography,
Society & Culture, Common Social Studies, Poli-
tics, Economics, Law & Society, and Understand-
ing International Relations.

B.2 Adaptability of CuCu and KCaQA

CuCu While we implement and evaluate our
framework only for the Republic of Korea and
the Korean language, CuCu generalizes to multi-
ple nation-states in various geo-cultural regions.
National curricula are typically published by gov-



ernments or educational authorities and are pub-
licly available—e.g., United Kingdom7, Indiag,
Bangladesh 9, and Australia '°. Nonetheless, we
urge practitioners to consider that (1) a nation-state
may not follow a single uniform curriculum, with
policies and perspectives varying across subgroups;
(2) constraining outputs to a specific language may
inadvertently shift the framing toward perspectives
prevalent regions where that language is widely
used (Cho et al., 2025); and (3) CuCu may inherit
and potentially amplify any bias and revisionism
latent in the curriculum without a thorough review.

KCaQA. We examine the sample-level adaptabil-
ity of KCaQA to facilitate its extension to other lan-
guages and cultures. Following Jin et al. (2024), we
categorize the queries associated with each learning
outcome into three types: (1) Simply Transferred,
which requires culture-sensitive translation only;
(2) Target Modified, whose proper nouns and ex-
pressions must be modified to the target culture;
and (3) Sample Removed, which cannot be mean-
ingfully adapted. Each sample is annotated by three
authors who are Korean L1 speakers, resulting in
almost perfect inter-annotator agreement (Fleiss’
Kappa (Fleiss, 1971) = 0.86). The final labels are
determined via majority voting; for samples with-
out a clear majority, all annotators jointly discuss
the case to reach a consensus. Consequently, among
158 learning outcomes, 118 are classified as Simply
Transferred, 35 as Target Modified, and 5 as Sample
Removed. All Sample Removed learning outcomes
are relevant to North Korea, which has a unique po-
litical, historical, and geographical relationship to
South Korea. This distribution suggests that most
queries and learning outcomes can be adapted to
other cultures with minimal effort, highlighting the
scalability of KCaQA across languages and cultures.

B.3 Quality Estimation of KCaQA

Table 2 reports the full results of LLM-as-a-Judge
for quality estimation of KCaQA. We further vali-
date these results with a human evaluation. Specif-
ically, we randomly sample 10 QA instances for
each setting and each response level in Korean and
English, yielding 120 samples in total. One of the
authors, who is a native Korean speaker and fluent

7https://www.gov.uk/government/col1ections/
national-curriculum

8http://www.ncert.nic.in/rightside/links/nc_
framework.html

9https://nctb.gov.bd/
10https://www.australiancurriculum.edu.au/
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Lang. | Setting Lvli. LS CA LU
B 1.00 9.00 7.28

No country | 1 1.00 941 8.68

A 098 898 8.28

B 100 876 7.14

Ko Implicit I 1.00 940 8.70
A 099 893 8.29

B 1.00 857 6.95

Explicit I 099 931 8.64

A 098 893 8.28

B 099 8.00 6.64

En Explicit I 098 895 822
A 096 876 8.28

B 081 7.78 6.66

Zh Explicit I 083 878 827
A 081 846 8.10

B 094 786 6.88

Ja Explicit I 087 868 8.32
A 073 841 7.89

Table 2: LL.M-as-a-judge results for quality estimation
of KCaQA. LS, CA, and LU denote the evaluation crite-
ria: Language Selection, Cultural Appropriateness, and
Language Use, respectively.

in English, annotates the samples using the same
rubric as the LLM-as-a-Judge (Appendix D). We
then compute inter-rater reliability between LLM-
as-a-Judge and human annotator. The results show
substantial to almost perfect agreement, with Co-
hen’s Kappa (Cohen, 1960) of 0.98, 0.76, and 0.72
for the three dimensions.

C KCaQA Samples

Example instance extracted from Korean social

studies national curriculum

* Learning objectives: [4A}03-01] | At5] H
sto] opyv} 54 wekela, 1 <) 1
et AR o] MshE S
(Translation: [4SA03-01] Identify the patterns
and characteristics of recent social changes
and explore changes in daily life that have
emerged as a result.)

 Achievement criteria: [4A}03-01]2 AL & &
off A4k, 193}, 2 5P B3} 5 F AR
Wapl b4 B 542 sersh, 1
2 28] 22]9] g Rgol o] sl



https://www.gov.uk/government/collections/national-curriculum
https://www.gov.uk/government/collections/national-curriculum
http://www.ncert.nic.in/rightside/links/nc_framework.html
http://www.ncert.nic.in/rightside/links/nc_framework.html
https://nctb.gov.bd/
https://www.australiancurriculum.edu.au/

A BASHES 44T Aot 0|2 F5t
of Ab2] Wote] The T 4 G FS 72
Lo 242 $FES gk

(Translation: [4SA03-01] is designed to have
students understand the phenomena and char-
acteristics brought about by recent social
changes—such as low birth rates, popula-
tion aging, and intelligent informatization—
through examples, and to analyze how these
changes affect our daily lives. Through this
process, the focus is on fostering the capacity
to respond to social changes.)

* Query:

— Korean (No country): Q& #&AF 7133},
HAEsE 22 Al 4ol ofd ddF= F
=X 3ol o1 BA A-g3foF HA]?

— Korean (Implicit): 85 9-2] AFS]of|A]
4t A9k HAEsE Ao ofd g
F= FeA Tadl. ofEA A-gslor 2
712

— Korean (Explicit): 8% St=ol| 4] &4,
APk HAESE Aol od dF=
FEA 3aol. o8l 2-gsfoF =HA?

— English: I'm curious about how low birth
rates, aging populations, and digitalization
are affecting daily life in South Korea
these days. How should we adapt to these
changes?

— Chinese: FITIF A EFE RN A, &
WAL AIECF AT B H AR 4 R 2
P E A TEROX LRI ?

— Japanese: 1T, EO K AE, Sin
L, T 7L HEARECEA LY
Brhz wbohdcr ) £9 2
O LZEIC LD BIEL ThiFiduvnn
TIh?

* Response:

- Basic: $-2]uketo] op7]50] Hoj| 1 of
£o] Wopgela. T4 FH5o] 37 A
e BUE Al H Fed)a. AntEZa)
AREES T st Ago] A e,
w5} Mg welrte] Aot Fota.
(Translation: In our country, there are fewer
babies being born and more adults. So it’s
more important for families to spend time
together. If we use smartphones and comput-
ers well, life becomes more convenient. It’s
good when everyone lives by helping each
other.)
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- Intermediate: <L =2 o}7]7} 7] €
ofuil(A&E4h A7F HA Hol7ka(aL
9P AFUH FAo AREE, JIEU
s HAE 7]&o] IAf 33t £2m50]
(HA9dsh Aol HsiHAT 22
A-go] eyt 22 7Hg ol A= ofe]
£ 52 Aol 55 Hag AH| 2 o]
ol 51, W 7Hgo] 2RI A A=
CHAIH FEi7F sold Yyt A Est g2
of 22l 43, YA L7 HUH & F
M 22 A A o] HHSLE|SIG Y o
¢ Hsto] g5t H "2 7]7] A
= HI-aL, Al Tholl M2 Eotg= 29
7FEasyn
(Translation: Recently, Korea has seen fewer
babies being born (low birth rate) and the
population is gradually getting older (ag-
ing). At the same time, digital technologies
such as smartphones and the internet have
become part of everyday life (digitalization),
making life more convenient but also requir-
ing people to adapt in new ways. In smaller
households, there often aren’t enough care-
givers for children, so the use of childcare
services is increasing, and more families are
living in multi-generational households with
grandparents. Thanks to digitalization, new
lifestyles such as online shopping, remote
work, and contactless healthcare have be-
come widespread. To adapt to these changes,
it is important to learn how to use digital de-
vices and to build a culture where different
generations support one another.)

— Advanced: 2023 92Ut SHAESAIES
0.787g o= A|A| | A Eo]H, 654 o]
AT HIF2 16.5%°f Dol LF 37T 5%
3] Y=L AUt sAO AEUl B
HE 96%°] SH5kAL, Q1E A - B
o[g] 7|HF Hu| A7} Ao AHSHA Y
A9 o] 7p&okE AL Q15U et of 2t
AF-7l& Msh= =8A1E #2274, &
w - HAR] A ek, 4] o€ o] Al
d 2pEs}t 52 25kl syt g
ko 2= FASHE AA Aetet gAd
27 o228 93 27t A 4919 7
Z2 0 o7t ety E9h, Al
7t BRe 2ok ARUE AEs} A
tE AlE] QlmetE S8 A®So A
S)of ef b2 Al Psfof . 71
FATFA} 7HERe A =Y
Ab- ot B sl i &4t




e Ha AEla A e S AEat
wAE &=t 5 A5y ol o
2 ol AT} ARR]7E @A Hste] 2]
S0k 7I%te] & ZAdY

(Translation: In 2023, Korea’s total fer-
tility rate was 0.78, one of the lowest in
the world, and the share of the population
aged 65 and older reached 16.5%, show-
ing that aging is progressing rapidly. At the
same time, internet penetration is close to
96%, and digital transformation is acceler-
ating as services based on artificial intel-
ligence and big data spread into daily life.
These demographic and technological shifts
are causing labor-market restructuring, in-
creasing financial pressure on pensions and
health/welfare systems, and widening gener-
ational differences in consumption patterns.
As responses, it is necessary to strengthen
lifelong learning systems and expand educa-
tion programs at the national and local lev-
els to reduce the digital divide. In addition,
community centers that promote intergen-
erational exchange, along with smart-city
infrastructure, should be used to support
older adults’ social participation and safety.
Companies can reduce the burdens of child-
birth and childcare by introducing flexible
work arrangements and family-friendly poli-
cies, while the government can ease the low
birth rate problem through childbirth incen-
tives and improving the quality of childcare
services. This multifaceted approach will
become the foundation for individuals and
society to adapt to change together.)

\. J

D Detailed Evaluation Rubrics

The evaluation criteria are collaboratively designed
by three authors, initially proposed by a single Ko-
rean L1 speaker with intermediate English profi-
ciency and elementary proficiency in Chinese and
Japanese, and subsequently reviewed and refined
by two additional Korean L1 speakers.

Evaluation criteria for both human validation and

LLM-as-a-judge

For the provided query and the generated re-
sponse, check if they adhere to the following
criteria and reject if there is any violence:

1. Language selection
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* Is the query or the response empty?

* Is the query or the response code-mixed
with multiple languages, or not written in
the target language that is the same with the
query?

Cultural appropriateness

* Does the query or the response (especially
those are not in Korean) adhere to the de-
sired stance of MOFA (Ministry of Foreign
Affairs, Republic of Korea) regarding some
sensitive territory issues such as Dokdo (the
official terminology that should be used in-
stead of Takeshima) and East Sea (the offi-
cial terminology that should be written in
parallel with Japan Sea)?

* Does the query or the response (especially
those are not in Korean) include all impor-
tant details regarding some historical events,
e.g., the governance and economics during
Japanese colonial period?

Language use

* Is the query or the response natural enough
to be displayed a colloquial answer for the
language speaker?

* For Korean cases, is the synthesized query
with/without country-specific expressions
(e.g., “our country”) natural enough as a
colloquial question?

* Does the query or the response contain any
terminology that corresponds to a similar
concept in Korean, but that should not be
transferred to other languages? (e.g., the
terminology for location, historical events,
government departments, etc.)?

Throughout the manual inspection, we carefully
review the language selection of non-English re-
sponses, as LLMs tend to respond in Korean regard-
less of the input language when the query includes
culture-specific content or Korean-specific key-
words. For cultural appropriateness, we refer to offi-
cial announcements of MOFA (the Ministry of For-
eign Affairs, Republic of Korea)“, for some sensi-
tive issues regarding territory and history (e.g., the
official terminology for Dokdo and East Sea/Japan
Sea). We further examine whether non-Korean re-
sponses include dis/misinformation or blunt any

1]https://www.mofa.go.kr/eng/wpge/m_5441/
contents.do


https://www.mofa.go.kr/eng/wpge/m_5441/contents.do
https://www.mofa.go.kr/eng/wpge/m_5441/contents.do

details compared to Korean responses, especially
regarding some sensitive, international historical
events (e.g., the governance and economics during
the Japanese colonial period).
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