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Abstract

We propose KMMLU, a Korean benchmark
with 35,030 expert-level multiple-choice ques-
tions across 45 subjects ranging from human-
ities to STEM. While prior Korean evaluation
tools heavily rely on translated versions of exist-
ing English benchmarks, KMMLU is collected
from original Korean exams, thereby capturing
linguistic and cultural aspects of the Korean
language. Recent models struggle to show per-
formance over 60%, significantly below the
pass mark of the source exams (80%), high-
lighting the room for improvement. Notably,
one-fifth of the questions in KMMLU require
knowledge of Korean culture for accurate reso-
lution. KMMLU thus provides a more accurate
reflection of human preferences compared to
translated versions of MMLU and offers deeper
insights into LLMs’ shortcomings in Korean
knowledge. The dataset and codes are made
publicly available for future research.

1 Introduction

Recent works often leverage translated versions of
MMLU (Hendrycks et al., 2020) to evaluate the
multilingual capabilities of large language mod-
els (LLMs) (OpenAI, 2023; Qwen, 2024; Chen
et al., 2023; Zhao et al., 2024). However, naively
translating English benchmarks into a language of
interest faces critical limitations. First, machine
translation can lead to a compromised dataset with
issues like unnatural language, typos, and grammat-
ical mistakes (Xia et al., 2019; Riley et al., 2023;
Yao et al., 2023). Second, MMLU, designed pri-
marily for English speakers, includes content that
assumes knowledge of the American legal system
or requires familiarity with English slang and cul-
ture (Lee et al., 2023; Jin et al., 2023; Son et al.,
2023; Li et al., 2023a; ZaloAI-JAIST, 2023). Thus,
while translated versions hint at multilingual profi-
ciency, they fail to capture the cultural aspects that
native speakers might consider to be crucial.

To address this issue for the Korean NLP com-
munity, we introduce KMMLU, a comprehensive
benchmark consisting of 35,030 questions span-
ning 45 subjects. Unique to KMMLU is its sourc-
ing: all questions are derived from Korean exams,
ensuring authentic Korean language without any
translated material. Additionally, our questions are
localized to Korea: they reflect the cultural atti-
tudes of Koreans, rather than Westerners (see Fig-
ure 1). Our comparative analysis, depicted in Fig-
ure 3, shows that KMMLU surpasses previously
translated benchmarks by offering questions that
are linguistically natural and steeped in the Ko-
rean cultural context, providing a deeper insight
into LLM performance in Korean (Section 6). To
address the shortcomings of Korean benchmark-
ing, which relies heavily on translated (Park et al.,
2024; Ham et al., 2020; Jin et al., 2023) or pri-
vate datasets (Park et al., 2024, 2021; Lee et al.,
2024), we make KMMLU and its corresponding
evaluation codes publicly available 1.

We evaluate 24 different LLMs across 4 cate-
gories: (1) Multilingual Pretrained Models (Tou-
vron et al., 2023; Young et al., 2024; Bai et al.,
2023); (2) Multilingual Chat Models; (3) Korean
Pretrained Models (Ko et al., 2023); and (4) Pro-
prietary Models including those serviced in Ko-
rea (OpenAI, 2023; Team et al., 2023; Yoo et al.,
2024). Our results show significant room for im-
provement, with GPT-4 scoring the highest at
59.95%. Surprisingly, we see little evidence of a
“curse of multilinguality” (Conneau et al., 2019;
Pfeiffer et al., 2022) discussed in previous work
comparing BLOOM (Workshop et al., 2022) to
monolingual English models (Biderman et al.,
2023; Peng et al., 2023).

We conduct a detailed analysis to better un-
derstand how LLMs utilize Korean knowledge in

1https://huggingface.co/datasets/HAERAE-HUB/
KMMLU
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Required Type of Korean Knowledge

Category Cultural Regional Legal Other

STEM

Civil-Engineering Ecology Civil-Engineering Biology

What is not considered a major

problem in urban areas of our country?


What does not belong to the ecology

of the Korean Peninsula?


According to regulations, what is the 
minimum distance required between 


the outer wall of an apartment building 
and the boundary of roads?

What is not included in the search 
results when searching for microbial 
strains on the website of the Korean 
Collection for Type Cultures (KCTC)?

우리나라 대도시지역의 주요 문제라고

 볼 수 없는 것은? 한반도의 생태축에 속하지 않는 것은?

주택건설기준 등에 관한 규정상 도로 및 

주차장의 경계선으로부터 공동주택의 


외벽까지는 최소 얼마 이상을 띄워야 하는가?

국내 대표적인 미생물 균주 분양 기관인 

생물자원센터(KCTC) 홈페이지에서 균주를 

검색할 때 나타나는 검색 결과에 포함되지 


않는 것은?

Applied 
Science

Geomatics Maritime-Engineering Energy-Management Gas-Technology-and-Engineering

During which period in the history of 

our country's cadastral system was 


the land register called "양전도
장" (Yangjeon Dojang)?

What phenomenon would occur if the 
southwest wind blows for a long time 


on the east coast of our country?

What is the maximum area limit for 
constructing a solar power plant in a 

"management area" with only a 
"development activity permit"?

What was the main cause of the Daegu 
city gas explosion, one of the major 

urban gas accidents in South Korea?

우리나라 지적제도사(地籍制度史) 중 

토지대장을 양전도장(量田都帳)이라 


명칭하였던 시대는?

우리나라 동해안에서 남서풍이 오래 불면 

어떤 현상이 일어나겠는가?

개발행위허가’ 만으로 태양광 발전소를 

건설할 수 있는 ‘관리지역’의 면적제한 

기준은 최대 몇 m2 미만인가?

국내에서 발생한 대형 도시가스 사고 중 

대구 도시가스 폭발사고의 주원인은?

HUMSS

Korean-History - Accounting Management

Which of the following descriptions is 
not correct about "대한국" (a nation that 

existed in the Korean Peninsula) ?
-

Under the Korean International Financial 
Reporting Standards (K-IFRS), which is 

not classified as a financial asset?

Which of the following is wrong 
regarding the recent changes in the 

retail management environment in our 
country?

대한국’에 대한 설명으로 옳지 않은 것은? -
한국채택국제회계기준(K-IFRS)하에서 

금융자산으로 분류되지 않는 것은?

최근 우리나라에서 찾아볼 수 있는 소매 경영 
환경의 변화로 가장 옳지 않은 것은?

Other

Food-Processing Agricultural-Sciences Agricultural-Sciences Health

Which of the following is not a method 
for brewing traditional Korean alcoholic 

beverages such as Yakju or Takju?

Which of the following is incorrect for 
why the production of the F1 breed of 

cabbage is concentrated along the 
southern coast?

What is the correct registration 
procedure when applying for listing in 

the National Variety List?

Which of the following descriptions is 
correct regarding the items in the 
Korean Nurses' Code of Ethics?

전통주인 약주나 탁주를 제조하는 제국방법이 
아닌 것은?

우리나라에서 배추의 F1품종의 종자생산이 남
해안과 그 인근 도서 지방에 집중되어 있는 이

유를 설명한 것 중 옳지 않은 것은? 

국가품종목록 등재신청시 등재 절차로 옳은 것
은?

한국간호사 윤리강령의 항목에 대한 설명으로 
옳은 것은?

Figure 1: Examples of questions from KMMLU categorized by the type of Korean knowledge required. English translations are
added for broader accessibility.

question-answering. Initially, we observe that, de-
spite GPT-4’s overall excellence, it displays gaps
in areas demanding localized knowledge, demon-
strating the importance of localizing benchmarks.
For example, in Korean History, GPT-4 (OpenAI,
2023) achieves a 35% success rate compared to
HYPERCLOVA X (Yoo et al., 2024), a Korean-
specific LLM, which scores 44%. Notably, HYPER-
CLOVA X is unique in its consistent improvement
with the use of Chain-of-Thought (CoT) prompting,
indicating the challenge non-Korean LLMs face in
producing accurate Korean explanations.

2 Related Work

2.1 Benchmarks for Large Language Models
Benchmarks are essential for accurately under-
standing and tracking the evolving capabilities of
LLMs. Traditionally, benchmarks focused on lin-
guistic tasks (Rajpurkar et al., 2016; Wang et al.,
2019b,a), but with the recent surge of more ca-
pable LLMs, such approaches have become obso-
lete. To address this gap, new benchmarks have

emerged, focusing on higher-level abilities such as
commonsense reasoning (Clark et al., 2018; Sak-
aguchi et al., 2021; Zellers et al., 2019), mathe-
matical reasoning (Hendrycks et al., 2021; Cobbe
et al., 2021), code generation (Chen et al., 2021; Li
et al., 2023b), and multi-turn conversations (Zheng
et al., 2023). Notably, some efforts have concen-
trated on evaluating the capabilities via expan-
sive datasets covering a wide range of knowledge-
based topics (Hendrycks et al., 2020; Srivastava
et al., 2022; Sawada et al., 2023). Most famously,
MMLU (Massive Multitask Language Understand-
ing) (Hendrycks et al., 2020) spans 57 subjects,
evaluating LLMs across various disciplines. While
many of these efforts have primarily focused on
the English language, there has been progress in
adapting and creating similar benchmarks for other
languages (Li et al., 2023a; Huang et al., 2023;
Zeng, 2023; Ghahroodi et al., 2024; Koto et al.,
2024, 2023; Tam et al., 2024). Although KMMLU
may be similar to the mentioned works in its moti-
vation, it is the first of its kind in Korea, providing
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Korean Benchmarks Translated Public? # Category # Instances Type

KORNLI & KORSTS O O 2 6,389 Understanding
KLUE X X 8 38,500 Understanding
KO-H5 O X 5 25,700 Reasoning
KOBBQ △ O 268 76,048 Bias
HAE-RAE BENCH. X O 6 1,538 Cultural Knowledge
CLICK X O 11 1,995 Cultural Knowledge
KORNAT X △ 16 10,000 Cultural Alignment

KMMLU (Ours) X O 45 35,030 Expert Know. & Reasoning

Table 1: Overview of Korean benchmarks. The "# Instances" denotes the size of the test set. The KLUE dataset has not released
its test set, thus we do not consider it public. The complete release of the KORNAT dataset is scheduled for the future and is
currently unavailable as indicated by △. Parts of KoBBQ are translated.

a valuable foundation for Korean NLP research.

2.2 Korean Benchmarks

Prior benchmarks for the Korean language spe-
cialized on natural language understanding tasks,
including natural language inference (Ham et al.,
2020), machine reading comprehension (Lim et al.,
2019), and hate speech detection (Moon et al.,
2020). The Korean Language Understanding Evalu-
ation (KLUE) benchmark (Park et al., 2021), analo-
gous to the General Language Understanding Eval-
uation (GLUE) (Wang et al., 2019b), compiled
eight downstream tasks aimed at gauging the com-
prehension of the Korean language. Nonetheless,
these benchmarks exhibited limitations in evalu-
ating reasoning abilities, rendering them insuffi-
cient for assessing LLMs. The Ko-H5 (Park et al.,
2024) aims to overcome these shortcomings by
offering an extensive array of reasoning bench-
marks, such as HellaSwag (Zellers et al., 2019),
MMLU (Hendrycks et al., 2020), ARC (Clark et al.,
2018), and TruthfulQA (Lin et al., 2021). Never-
theless, they also rely on machine/human transla-
tions that are susceptible to errors. Moreover, their
datasets are private and they do not provide evalua-
tion for models larger than 14 billion parameters,
thus limiting its transparency and usefulness.

Recent benchmarks developed for Korean have
shifted their focus toward preserving the linguistic
and cultural nuances, going beyond mere transla-
tion of original English benchmarks. In this context,
Jin et al. (2023) developed the Korean Bias Bench-
mark for Question Answering, which is derived
from the original BBQ dataset (Parrish et al., 2022).
This benchmark is specifically adjusted to align
with Korean cultural contexts. Additionally, efforts
have been made to create authentic Korean datasets
from scratch to capture subtle cultural nuances. For
instance, the HAE-RAE Benchmark (Son et al.,

2023) and CLIcK (Kim et al., 2024) assess cul-
tural and linguistic understanding specific to Korea.
Furthermore, KorNAT (Lee et al., 2024) was in-
troduced to specifically evaluate alignment with
national characteristics of South Korea, focusing
on two key aspects: social values and common
knowledge.

The KMMLU benchmark extends beyond previ-
ous efforts as the first extensive knowledge bench-
mark covering a broad and deep array of fields,
including Biology, Chemistry, Criminal Law, Taxa-
tion, Electrical Engineering, Aviation Engineering,
and others. Additionally, it is unique in that the
dataset, prompts, and evaluation codes are publicly
available, ensuring transparent and reproducible
assessment, Importantly, it is built entirely from
Korean exams, providing a representation of Ko-
rean culture and linguistic nuances.

3 KMMLU

3.1 Task Overview
KMMLU is a collection of 35,030 multiple-
choice questions spanning 45 categories, including
HUMSS (Humanities and Social Science), STEM
(science, technology, engineering, and mathemat-
ics), Applied Science, and other professional-level
knowledge. Within STEM, the focus is on topics
emphasizing scientific principles, from the natural
and physical sciences to technological and engi-
neering disciplines. Meanwhile, Applied Science
encompasses industry-specific subjects such as Avi-
ation Engineering and Maintenance, Gas Technol-
ogy and Engineering, and Nondestructive Testing.
HUMSS covers an extensive range of subjects, in-
cluding history and psychology, offering in-depth
insights into the diverse facets of human society
and culture. The remaining subjects that do not fit
into any of the three categories are put into Other.

We predominantly source the questions from Ko-
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rean License Tests, notably, some of the license
tests KMMLU draws from exams that requires at
least 9 years of industry experience. In addition,
KMMLU includes questions that require an under-
standing of cultural, regional, and legal knowledge
to solve, as shown in Figure 1. For further details,
see Table 2.

Category # Questions

Prerequisites
None 59,909
1 Prerequisite Test 12,316
2 Prerequisite Tests 776
2+ Years of Experience 65,135
4+ Years of Experience 98,678
9+ Years of Experience 6,963

Question Type
Positive 207,030
Negation 36,747

Split
Train 208,522
Validation 225
Test 35,030

Total 243,777

Table 2: Overview of questions in KMMLU: This table
summarizes questions by number of prerequisites for hu-
man examinees, whether the question contains negation, and
train/validation/test splits.

3.2 Dataset Creation

Our dataset is a compilation of questions from 533
diverse sources, spanning the Public Service Apti-
tude Test (PSAT), Korean License Tests, and the
College Scholastic Ability Test (CSAT). This col-
lection includes a broad academic spectrum, from
high school to professional levels.

Initially, we collected 371,002 questions using
automatic crawling. We then implement heuris-
tic filters to erase duplicated samples or parsing
errors, including stopwords, regex patterns, and
model-based classifiers. Additionally, the format
is standardized by excluding questions with fewer
than four options and adjusting those with more
than four. This filtering reduces the dataset by 34%
to 243,777 questions. The significant reduction in
dataset size stems from two main factors: firstly, we
prioritize quality over quantity, employing broad fil-
ters to eliminate any questionable content, even at
the cost of removing some valid samples. Secondly,
we observe a high degree of similarity among ques-
tions, especially those that are seasonally repeated,
resulting in extensive deduplication.

We gather human accuracy data from actual test-
takers where available. Approximately 90% of our

dataset’s exams include human performance data,
with an average accuracy of 62.6%. Most of the li-
cense exams in the dataset require an 80% score to
pass. For the PSAT, the average passing score of the
last 5 years has been 83.7%. Thus, achieving over
80% on KMMLU can be considered the equivalent
of the minimum performance of a human expert,
while the best experts are likely to score close to
100%. The dataset is structured into three com-
ponents: a training set, a few-shot development
set, and a test set. The few-shot development set
features five questions per subject to support in-
context learning (Brown et al., 2020). The training
set includes 208,522 questions, suitable for both
hyperparameter tuning and model training. The test
set is a collection of questions with the lowest hu-
man accuracies, each subject consisting of 100 in-
stances at a minimum and 35,050 questions in total.
However, it is important to note that comparing hu-
man accuracy directly may not be desirable due to
variations in test origins and test-taker populations,
with some groups being more professional than
others. While collecting the human data ourselves
could potentially address this issue, we could not
do so due to budget constraints.

Before finalization, we released the dataset to
the public for six months. During this period, we
received five issues reported by the community, and
741 instances were modified accordingly. Addition-
ally, the 35,030 questions in the test set underwent
manual review to remove copyrighted materials.
We replaced 147 instances, including copyrighted
materials. No additional errors were identified dur-
ing this process. Finally, we conduct an analysis
based on Xu et al. (2024)’s method to look for po-
tential data leakages. We observe both open and
proprietary LLMs fail to recall the KMMLU bench-
mark implying low likelihood of benchmark con-
tamination. For details, see Section C.

3.3 CoT Exemplar Creation

Chung et al. (2022) devise 5-shot of exemplars to
test CoT reasoning over MMLU (Hendrycks et al.,
2020) 2. Similarly, we create 5-shot of CoT exem-
plars for each subject to test models’ reasoning
capabilities on our benchmark. However, writing
an accurate rationale for expert-level tests with vari-
ous ranges is a difficult problem. Although the ideal
solution might be to invite experts for each test, we
decide to leverage assistance from various LLMs,

2github.com/jasonwei20/flan-2

4079

https://github.com/jasonwei20/flan-2


considering resource constraints. Specifically, we
employ two LLMs, GPT-4 and HyperCLOVA X,
with diverse prompt techniques, zero-shot CoT (Ko-
jima et al., 2022) and browsing-augmented CoT 3.

First, we elicit rationale and corresponding an-
swers from the LLMs using both prompt tech-
niques. Besides, we utilize a majority voting
method, self-consistency (Wang et al., 2022), over
ten reasoning paths obtained by oversampling. As a
result, this step produces 4× 10 rationales for each
input, i.e., 4 = 2 LLMs and 2 prompt types. Then,
we choose the top-4 rationales ordering by longer
and less repetitive output. Finally, authors manu-
ally select the most appropriate rationale among the
top-4 and revise it with thorough inspections if nec-
essary. For quality control, we ensure two workers
for each question. We find about 87% of agreement
between two workers at the first iteration. We itera-
tively validate the remaining conflicted examples.
In total, we create 45× 5 = 225 exemplars for the
CoT inference within our benchmark. Please see
Appendix H for more details.

3.4 KMMLU-HARD
KMMLU comprises 35,030 questions, outnumber-
ing its predecessors, MMLU (Hendrycks et al.,
2020) and CMMLU (Li et al., 2023a). Thus, in
addition to KMMLU, we create KMMLU-HARD
for more targeted and efficient evaluation. The
KMMLU-HARD subset includes 4,104 questions
that at least one of the following models—GPT-
3.5 TURBO, GEMINI PRO, HYPERCLOVA X, and
GPT-4—fails to answer correctly. These questions
are equally distributed across all categories, each
containing 23 to 100 questions.

4 Experimental Setup

4.1 Evaluation Methodology
In our evaluations of LLMs on KMMLU, we em-

ploy two distinct settings for a comprehensive com-
parison. First, the Direct method prompts the model
to generate the most plausible option via greedy
decoding. In this process, each model generates a
response from its entire vocabulary, which makes

1
vocab_size its random baseline. Second, CoT allows
the model to generate text freely and leverages
RegEx to parse the results. By generating a se-
quence of reasoning before the final answer, CoT
has succeeded in aiding LLMs to solve reasoning-
heavy tasks. Models are set to use greedy decod-

3It is similar to ReAct prompting (Yao et al., 2022).

ing for the CoT generation. All evaluations in this
paper, regardless of the method, are done in a few-
shot setting with five exemplars. Due to hardware
constraints, we run our experiments with open mod-
els using 8-bit quantization.

4.2 Models
In our study, to provide a comprehensive overview
of existing LLMs in answering expert-level Korean
questions, we evaluate 24 models varying in size,
language, and training phase.

The 24 models include:

1. Multilingual Pretrained Models: LLAMA-2
(7B, 13B, 70B) (Touvron et al., 2023), QWEN

(7B, 14B, 72B) (Bai et al., 2023), and Yi (6B,
34B) (Young et al., 2024);

2. Multilingual Chat Models: Chat versions of
LLAMA-2, QWEN, and YI;

3. Korean Pretrained Models: POLYGLOT-KO

(1.3B, 3.8B, 5.8B, 12.8B) (Ko et al., 2023);

4. Proprietary Models: GPT-3.5/4 (OpenAI,
2023)4, GEMINI PRO (Team et al., 2023) and
HYPERCLOVA X (Yoo et al., 2024)5.

The inclusion of English & Chinese bilingual mod-
els aims to explore potential spillover effects, given
the historical influence of Chinese Hanja on the
Korean language. Further details on the models are
provided in Appendix E and Table 18. Evaluation
results for newer models are updated in Tables 20
and 21. It should be noted that the results in no way
change the conclusions of our paper.

5 Evaluation Results

Pretraining Compute We compare the perfor-
mance of 27 LLMs using the Direct method in
Table 3. We observe a clear trend across pretrained
and finetuned models, where those with a larger
computing budget exhibit superior performance.6

This scaling behavior indicates that increased com-
puting resources - reflected in the number of param-
eters and the size of the training corpus - enhance a
model’s capacity to handle complex language tasks
more accurately. Notably, despite being trained
exclusively in Korean, POLYGLOT-KO-12.8B’s

4We use the 0613 version for both GPT models.
5We use the HCX-L version.
6Unlike other models studied in this paper, the larger

POLYGLOT-KO models were trained for fewer tokens than
the smaller ones, explaining the non-monotone performance.
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Model STEM Applied Science HUMSS Other Average

Multilingual Pretrained Models

LLAMA-2-7B 24.68 25.90 25.06 24.30 25.00
LLAMA-2-13B 33.81 33.86 26.26 30.86 31.26
LLAMA-2-70B 41.16 38.82 41.20 40.06 40.28
YI-6B 35.47 34.23 33.46 35.70 34.70
YI-34B 44.31 40.59 47.03 43.96 43.90
QWEN-7B 22.74 23.83 9.44 17.59 18.52
QWEN-14B 36.68 35.85 21.44 29.26 30.92
QWEN-72B 50.69 47.75 54.39 50.77 50.83

Multilingual Chat Models

LLAMA-2-7B-CHAT 28.60 29.03 26.01 27.10 27.71
LLAMA-2-13B-CHAT 30.36 29.09 26.40 29.05 28.73
LLAMA-2-70B-CHAT 35.98 34.36 32.19 35.35 34.47
YI-6B-CHAT 35.58 34.55 34.39 35.95 35.11
YI-34B-CHAT 41.83 38.05 46.94 42.05 42.13
QWEN-7B-CHAT 20.26 22.16 8.67 15.70 16.82
QWEN-14B-CHAT 32.78 33.94 19.31 26.75 28.33
QWEN-72B-CHAT 47.57 46.26 49.05 46.33 47.28

Korean Pretrained Models

POLYGLOT-KO-1.3B 28.77 28.02 26.99 28.11 27.97
POLYGLOT-KO-3.8B 29.68 31.07 26.59 29.54 29.26
POLYGLOT-KO-5.8B 29.18 30.17 26.73 29.12 28.83
POLYGLOT-KO-12.8B 29.27 30.08 27.08 30.55 29.26

Proprietary Models

GPT-3.5-TURBO 44.64 42.11 40.54 42.61 42.47
GEMINI-PRO 51.30 49.06 49.87 50.61 50.18
HYPERCLOVA X 50.82 48.71 59.71 54.39 53.40
GPT-4 59.95 57.69 63.69 58.65 59.95

Table 3: Average accuracy(%) calculated using the Direct method in a 5-shot setting across the entire test set. The highest-scoring
model across the entire table is highlighted in bold, and the best model within each category is underlined. Random guessing has
an accuracy of 25% on all subjects. Please see Tables 22-26 for detailed results.

performance only marginally exceeds the random
baseline of 25%, is on par with that of the English-
centric LLAMA-2-13B, and lags behind YI and
QWEN models of similar size. This emphasizes the
importance of long training runs in achieving high
performance: while POLYGLOT-KO-12.8B is ap-
proximately compute-optimally trained (Hoffmann
et al., 2022), the order of magnitude increase in
the training data size brings substantial increases
in the performance of these non-optimally trained
models. This disparity in training resources is fur-
ther illustrated in Figure 2, where POLYGLOT-KO’s
significantly lower training budget compared to its
counterparts is evident.

Fine-Tuning In Table 3, we also observe that
fine-tuning Pretrained Models do not necessarily
lead to better performance. In our experiments,
models often exhibit minor performance differ-
ences between their base and chat versions. This

aligns with past studies that suggested fine-tuning
methods such as supervised fine-tuning, direct
preference optimization, or reinforcement learn-
ing to have minor improvements in the knowl-
edge of language models (Bi et al., 2024). Inter-
estingly, QWEN-72B and LLAMA-2-70B expe-
rience -3.55% and -5.81% of performance drop
respectively. We suspect that the ability to solve
Korean questions in pretrained models of different
languages originally stems from their failure to fil-
ter out Korean text from their pretraining corpora
perfectly. However, datasets used during the post-
training process are often curated with greater pre-
cision, possibly excluding all non-target languages.
Therefore, such might harm the Korean language
proficiency of such models.

Multilinguality at Scale The “curse of multilin-
guality” (Conneau et al., 2019; Pfeiffer et al., 2022)
refers to the apparent decrease in model capabilities
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Model STEM Applied Science HUMSS Other Total
Direct CoT Direct CoT Direct CoT Direct CoT Direct CoT

QWEN-72B-CHAT 24.36 19.00 24.25 18.67 18.52 16.50 23.09 18.38 22.59 18.18
HYPERCLOVA X 14.36 28.00 14.58 24.83 20.62 30.21 18.90 25.59 17.06 27.11
GPT-3.5-TURBO 22.36 23.27 21.00 23.67 19.74 15.35 21.30 20.25 21.10 20.70
GPT-4-TURBO 28.64 30.91 28.25 34.84 33.37 19.68 30.55 20.10 30.52 25.28

Table 4: 5-shot accuracy on KMMLU-Hard subset (Section 3.4) according to prompting method, Direct and CoT (Wei et al.,
2022). Please see Table 27 for detailed results.
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Figure 2: Average performance of POLYGLOT-KO, LLAMA-
2, YI, and QWEN models. ExaFLOP on the xaxis represents
the scale of computational operations, where each unit corre-
sponds to 1018 floatingpoint operations (FLOPs). The total
FLOPs are estimated as 6 ×#param ×#tokens (Kaplan
et al., 2020).

when models are trained on multilingual corpora.
While the curse can be severe for small models, it
has been observed for masked language models that
it weakens with scale (Goyal et al., 2021; Pfeiffer
et al., 2022). Empirically, this seems not to be the
case for the decoder-only BLOOM model (Work-
shop et al., 2022) as several papers have found that
monolingual English models substantially outper-
form BLOOM on English tasks (Biderman et al.,
2023; Peng et al., 2023). In contrast, we find evi-
dence of positive transfer between languages, with
large multilingual models like LLAMA-2, YI, and
QWEN substantially outperforming the monolin-
gual POLYGLOT-KO. Though the multilingual mod-
els are trained on an order of magnitude more to-
kens than POLYGLOT-KO, they encounter much
less Korean text during their pretraining phases.
For instance, LLAMA-2 is trained on 2 trillion to-
kens, with only 0.06% in Korean, amounting to
1.2 billion tokens. YI employs a language filter to
exclude languages other than Chinese and English,
and QWEN mentions that a significant portion of
its data is in English and Chinese. In comparison,
POLYGLOT-KO models are trained on 167 billion

to 219 billion tokens depending on the model size.
Our results show that scaled decoder-only models
acquire capabilities in languages they are severely
undertrained in, a finding that aligns with prior
work (Muennighoff et al., 2023).

Chain-of-Though Prompting We employ a few-
shot CoT prompting (Wei et al., 2022), leveraging
5-shot exemplars (Section 3.3) to examine whether
advanced prompting method could improve perfor-
mance. Since the CoT prompting requires much
longer sequence generation than the Direct method,
we compare four LLMs based on the KMMLU-
Hard subset, considering resource constraints 7.
In Table 4, we find that only HYPERCLOVA X
reliably improves the performances across cate-
gories with the CoT prompting, while other LLMs
often show degradation with the CoT. In particu-
lar, GPT-3.5-TURBO and GPT-4-TURBO show
better performances with CoT on STEM and Ap-
plied Science, but drastic performance drops on
HUMSS. We presume the Korean-specific context
in the HUMSS category is relatively hard to gen-
eralize by learning other languages, resulting in
unfaithful explanations (Turpin et al., 2023).

6 Are Translated Benchmarks Enough?

The simplest approach to scale multilingual bench-
marks involves translation. Efforts to translate
MMLU have been implemented repeatedly (Park
et al., 2023; Lai et al., 2023), some including profes-
sional human translators (OpenAI, 2024; Institute,
2024), offering clear benefits by enabling paral-
lel performance comparisons and insights. How-
ever, KMMLU, sourced directly from texts origi-
nally written in Korean, provides irreplaceable ad-
vantages and evaluations. This section compares
KMMLU with translated benchmarks (Section 6.1)
and further analyzes performances related to Ko-
rean contexts. Further details are in Appendix B.5.

7We utilize GPT-4-Turbo (gpt-4-0125-preview) instead of
GPT-4 for the same reason.
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6.1 Analysis of Korea-Specific Instances
To provide a deeper insight into how KMMLU
differs from past efforts that translate MMLU (Park
et al., 2023; Chen et al., 2023), we compare the two
on two fronts: the naturalness of phrasing and the
necessity for specialized Korean knowledge. For
the analysis, we randomly selected ten questions
from each category within both datasets, resulting
in 570 questions from a Korean-translated MMLU
and 450 questions from KMMLU—two authors
evaluated each question.

0 20 40 60 80 100

Natural Phrasing

Requires
Korean Knowledge

86.1%

0.0%

98.4%

20.4%
MMLU (Trans.)
KMMLU

Figure 3: Comparison of MMLU (translated via GPT-4) and
KMMLU (ours).

Figure 3 reveals a difference in how the two sub-
sets appear to native Korean speakers. KMMLU
questions are significantly more natural and cul-
turally relevant, highlighting the limitations of
MMLU in reflecting the nuances of the Korean lan-
guage and cultural specifics. MMLU, derived from
American tests, is inherently biased towards west-
ern culture. We provide examples in Table 11. Con-
versely, 20.4% of KMMLU requires understanding
Korean cultural practices, societal norms, and legal
frameworks. Leveraging the data from instructkr
(2024), a Korean equivalent to Chiang et al. (2024),
we measure the impact of such characteristics. An-
alyzing the ranking correlations of KMMLU and a
translated MMLU against Elo rankings from 3253
human votes, Table 6 confirms that KMMLU more
accurately mirrors human preferences, as shown by
closer Levenshtein distances and stronger ranking
correlations.

Metric KMMLU MMLU-Tran.

Levenshtein Distance 3 8
Spearman Ranking Corr. 0.94 0.86

Table 5: Correlation with the scores of KMMLU and trans-
lated MMLU against human-rated elo rankings.

6.2 KMMLU-KOR
To specifically assess models on questions that
necessitate Korean knowledge, we introduce the

Model Original KOR Sub. ∆

QWEN-72B 50.83 42.56 −8.27
QWEN-72B-CHAT 47.28 35.13 −12.15
GPT-3.5-TURBO 42.47 35.36 −7.11
GEMINI-PRO 50.18 40.83 −9.35
HYPERCLOVA X 53.40 50.00 −3.40
GPT-4 59.95 51.21 −8.74

Table 6: Performance comparison on the original KMMLU
and the KMMLU-KOR subset.

KMMLU-KOR subset, a collection of 1,305 hand-
picked questions (Further details in Appendix I).
Table 6 presents a performance analysis, focusing
on the discrepancy between general performance
and Korea-specific questions. HyperCLOVA X,
shows the smallest performance decline at 3.4%,
whereas GPT-3.5-Turbo and GPT-4 experience
drops of 7.11% and 8.74%, respectively. This un-
derscores the significance of incorporating Korean
linguistic and cultural contexts in model training to
enhance performance on KMMLU.

Error Analysis We observe HyperCLOVA X to
correctly answer 47 questions that GPT-4 misses.
Of these, 18 pertain to history, 11 to accounting and
taxation, and 7 to geology. We pinpoint 73 Korea-
specific questions that all models fail, including
31 concerning the Security Services Industry Act,
a law first implemented in 2017 and frequently
amended since. This highlights gaps in models’ un-
derstanding of recent legislative changes. Addition-
ally, we also find 23 questions that use the phrase
“our country,” presuming knowledge that this refers
to Korea, further complicating comprehension for
non-specialized models.

7 Conclusion

In this work, we introduce the KMMLU Bench-
mark—a comprehensive compilation of 35,030
expert-level multiple-choice questions spanning
45 subjects, all sourced from original Korean ex-
ams without any translated content. Our findings
highlight significant room for improvement in the
Korean proficiency of state-of-the-art LLMs. We
discover that the improvements in the performance
of non-Korean LLMs stem from capabilities un-
related to Korean, underscoring the importance
of Korean pre-training for better performance in
Korea-specific contexts. We expect the KMMLU
benchmark to aid researchers in identifying the
shortcomings of current models, enabling them to
assess and develop better Korean LLMs effectively.
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8 Limitations

While we put our greatest effort into creating
a benchmark with extensive coverage, there are
some limitations that future research will need to
address. First, due to concerns over copyright is-
sues, we removed a substantial number of ques-
tions from the Korean language, medical, and fi-
nancial domains, thereby creating coverage gaps.
Secondly, the recent surge of chat-aligned LLMs
has cast doubt on the effectiveness of traditional
benchmarks for assessing generative abilities and
instruction-following skills. While MMLU contin-
ues to be a de facto standard for evaluating a broad
range of knowledge, there is a shifting trend to-
wards using dedicated LLM Judges and crowd-
sourced human preferences, such as the LMSys
Chatbot Arena (Zheng et al., 2023), for assessing
generative capabilities. Future efforts should aim
to expand Korean benchmarking tools to include
assessments of generative abilities. Moreover, the
potential misuse of benchmarks may pose societal
risks. Optimizing solely for benchmarks may create
models that perform poorly in real-world applica-
tions and should be avoided.
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A Dataset Details

In this section, we provide additional details on the
KMMLU benchmark.

A.1 Category Distribution

The KMMLU dataset consists of three subsets
Train, Validation and Test. In Figures 4 and 5 we
visualize the distribution of each sub-category for
the train and test set respectively. The validation
set contains 5 instances for all sub-categories.

A.2 Source Distribution

Source # Instances

License Tests 235,976
PSAT 7373
CSAT 428

Table 7: Source distribution

KMMLU sources questions from 533 diverse
exams, including the PSAT, Korean License Tests,
and the CSAT. Table 7 presents the distribution
of the sources, with License Tests comprising the
majority at 235,976 samples.

Figure 6 provides an overview of the years each
question was sourced from. The questions spans
25 years starting from 1999 to 2023. The average
number of instances for each year is 9030.52, with
the most at 2015 by 13583 samples and the least at
1999 with 170 samples.

A.3 Copyrights and License

To prevent copyright issues, we conduct a man-
ual review of the Test and Validation sets of the
KMMLU benchmark. We remove instances from
exams with restrictive licenses, primarily in the
medical and financial domains. We also filter ques-
tions that include segments of Korean literature
where the respective authors hold copyright and
are challenging to manage individually. However,
the Train set consists of 208,522 instances, making
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Figure 4: Sub-Category distribution of the train set in log-scale.
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Figure 5: Sub-Category distribution of the test set in log-scale.

manual review impractical. Instead, we use insights
from our manual review of the test and validation
subsets to identify and remove questions in the
train set that originate from sources identified as
private. Additionally, we collect headers and foot-
ers from each webpage during the crawling process
to remove those containing copyright information.
The final dataset is published under a CC-BY-ND

license and is freely available at HuggingFace8.
Additionally during our manual review we do not
identify any personally identifiable information or
offensive content.

For better reproducibility, our evaluation code-
base9 is built using Eleuther AI’s LM-Eval-Harness

8https://huggingface.co/datasets/HAERAE-HUB/
KMMLU

9https://github.com/EleutherAI/
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(MIT License) (Gao et al., 2023). This includes the
evaluation code, generation configuration for all
settings (open and proprietary models, direct and
CoT settings), and our prompts and CoT exem-
plars. All components are available under the MIT
license.

B Additional Analysis

B.1 How Does Continual Pretraining Affect
Korean Proficiency?
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Figure 7: Performance of YI-KO-34B on the KMMLU
benchmark on each checkpoint.
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Figure 8: Performance of LLAMA-2-KO-7B (both with
and without vocabulary expansion) and YI-KO-34B on the
KMMLU benchmark for each checkpoint.

lm-evaluation-harness

Models from the YI series, initially trained for
bilingual (English and Chinese) usage, significantly
outperform the POLYGLOT-KO models. This per-
formance gap further expands with the continual
pretraining of these models. In Table 8, we assess
the YI-KO 6B and 34B models, each continually
trained for an additional 60 billion and 40 billion to-
kens, respectively, after expanding their vocabulary
to include Korean. Additionally, we analyze the
available checkpoints of the YI-KO-34B model in
Figure 7, noting a consistent performance increase
following an initial decline at the first checkpoint.
This early drop is likely due to the expanded vo-
cabulary, which can disrupt training initially (Zhao
et al., 2024).

Additionally, in Figure 8, we evaluate the perfor-
mance of three models—LLAMA-2-KO-7B (both
with and without vocabulary expansion) and YI-
KO-34B—across 40 billion tokens of continual
pretraining.10 Our analysis reveals two key insights:
First, while vocabulary expansion initially leads to
a drop in performance, the models subsequently
recover and stabilize after surpassing 10 billion to-
kens of training. This challenges previous findings
that suggested vocabulary expansion is unfavor-
able at such training scales. Interestingly, Table 12
shows that the perplexity of YI-KO-34B is higher
than its original model YI-34B, likely due to the
undertraining of newly added tokens, indicating
room for improvement. Second, learning outcomes
vary despite being trained on the same dataset, sug-
gesting that differences in inherent model capabili-
ties significantly influence performance.

B.2 Do Machines Handle Problems with
Negation Effectively?

Table 9 demonstrates a notable trend in language
model performance on the KMMLU test set: mod-
els perform better on questions that include nega-
tions. This finding contrasts with previous stud-
ies (Hosseini et al., 2021; Li et al., 2023a) that iden-
tified LLMs to suffer when dealing with negated
questions. However, this does not suggest that nega-
tion in Korean presents a lower difficulty level than
in other languages. Instead, the improved perfor-
mance may be attributed to the nature of the ques-
tions in KMMLU, where negation is more com-
mon in declarative knowledge questions, which are
generally easier for models to handle compared to
procedural knowledge questions (Hendrycks et al.,

10The YI-KO-6B model is excluded as intermediary check-
points are unavailable.
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Model STEM Applied Science HUMSS Other Average

LLAMA-2-KO-7B 31.60 32.50 26.33 30.00 30.10
YI-KO-6B 40.69 39.52 40.50 41.60 40.55
YI-KO-34B 50.44 46.95 53.63 51.13 50.46

Table 8: 5-shot accuracy on KMMLU with models Continual Pretrained on Korean.

2020). For example, the math subset, which is the
most challenging subset for most LLMs, does not
include any negated questions. Furthermore, Ta-
ble 10 illustrates that only 20% of STEM and 19%
of Applied Science questions include negation, in
contrast to 45% in the HUMSS subset.

Models W Negation W/O Negation

LLAMA-2-70B 40.2 40.08
YI-34B 47.26 42.43
QWEN-72B 53.57 48.82

GEMINI-PRO 55.05 48.63
GPT-3.5-TURBO 45.61 40.39
GPT-4 65.53 57.88

Table 9: Comparison of accuracy between questions
with and without negation. Evaluation is done in 5-shot
setting using the Direct Method.

Category % of Negated Q.

STEM 20.54%
Applied Science 19.16%
HUMSS 45.76%
Other 34.83%

Math 0.00%
Electrical Eng. 9.70%
Aviation Eng. & Maint. 14.40%

Table 10: Ratio of Negated Questions in each category.

B.3 When Do Korean Proprietary Models
Outperform GPT-4?

Figure 9 provides a comparative performance anal-
ysis between the top-performing Korean model,
HYPERCLOVA X, and GPT-4 across various
disciplines, with detailed numerical results avail-
able in Appendix 9. The comparison shows that
GPT-4 generally outperforms HYPERCLOVA X
in most subjects, with performance differentials
ranging from a significant 22.0% in Accounting
to a marginal 0.5% in Taxation. Although specific
details on the pretraining of both models are kept
private HYPERCLOVA X is designed for bilingual
(English and Korean) use, while GPT-4 supports

many more languages. This observation corrobo-
rates our earlier findings from Section 5 that the
curse of multilinguality diminish as models scale.
Notably, HYPERCLOVA X demonstrates superior
performance over GPT-4 in Korean History and
Criminal Law. This is likely attributable to HYPER-
CLOVA X’s specialized focus on the Korean lan-
guage, which presumably enhances its proficiency
in topics requiring regional-specific knowledge and
understanding.

These characteristics are evident in Table 19,
which compares the performance of models on
the KMMLU-KOR subset. HYPERCLOVA X and
GPT-4 scores 50.00 and 51.21, respectively. The
performance gap narrows as GPT-4 experiences a
decrease of 8.74 points, while HYPERCLOVA X
sees a smaller decline of 3.4 points. This indicates
that HYPERCLOVA X is more resilient to ques-
tions on Korean knowledge, maintaining closer to
its original performance.

B.4 Do Machines Also Err Where Humans
Often Do?

In Figure 10, we compare the performance of
LLMs against human accuracy. The findings in-
dicate that LLMs do not exhibit a performance
trend that correlates with human performance. In-
stead, the models display similar performance lev-
els irrespective of the variance in human accu-
racy. This observation aligns with insights from the
(Hendrycks et al., 2020), which reported that GPT-
3 achieved a higher score in College Mathematics
at 35.0%, compared to 29.9% in Elementary Math-
ematics, suggesting that the model’s performance
does not necessarily scale with the complexity of
the task as judged by human standards. Interest-
ingly, the models demonstrate a strong correlation
with each other, implying that despite being trained
on distinct datasets, they possess similar capabil-
ities. This phenomenon indicates that there may
be underlying commonalities in how these models
process and generate responses, leading to a similar
performance trend.
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Figure 9: Comparison of GPT-4(Blue) and HYPER-
CLOVA X(Red) using the Direct method in a 5-shot
setting.

B.5 Why are native benchmarks important?

Continuing from Section 6, we highlight the impor-
tance of original benchmarks over translated ver-
sions. Figure 3 illustrates that MMLU questions of-
ten reflect U.S.-centric content, such as categories
like “high_school_government_and_politics,”
which require understanding of the American
governmental system, and “miscellaneous,” which
assumes knowledge of American slang. These
examples, shown in Table 11, reveal the cultural
biases inherent in the dataset. Regardless of
translation quality, using such content as a measure
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Figure 10: Comparison of model performance and hu-
man accuracy. Model performance is calculated using
the Direct method in a 5-shot setting.

of Korean language competency is fundamentally
flawed. For instance, proficiency in questions about
the U.S. Sixth Amendment does not translate into
effectiveness of a legal LLM for Korean contexts.

C Contamination Check

The questions for the KMMLU benchmark are
sourced from publicly available Korean tests. Ac-
cordingly, there may be concerns about whether the
sources have been included in the pretraining cor-
pora of the tested language models. Unfortunately,
none of the examined models disclose their train-
ing data, which precludes a direct assessment of
potential knowledge leakage. As an alternative, we
refer to the methods of Xu et al. (2024) to estimate
potential leakage using perplexity and n-gram accu-
racy. We sample 2,000 instances from the KMMLU
test set and paraphrase them using GPT-4-TURBO.
The paraphrasing is conducted twice to reduce po-
tential bias, with temperatures of 0.7 and 0.8. See
Figure 14 for the prompts used.

In Table 12, we observe that all models demon-
strate lower perplexity on the paraphrased versions
of the benchmark. While this does not entirely rule
out the possibility of whether the models have en-
countered the benchmark during pretraining, the
preference for a rewritten version—which does not
exist online and thus could not have been included
in the pretraining—implies that the models are not
familiar with the original material.

For proprietary models where perplexity exam-
inations are unavailable, we use n-gram accuracy.
First, we combine the question and answer parts
with a single space for each sample, creating a com-
bined text X . Second, we uniformly sample K (i.e.,
5) starting points within the interval from 2 to |X|.
The text from the beginning to each starting point
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Subset HIGH SCHOOL GOVERNMENT AND POLITICS

Question Which of the following statements does NOT accurately describe voting behavior in the United States?

Subset HIGH SCHOOL US HISTORY

Question

This question refers to the following information. "I was once a tool of oppression And as
green as a sucker could be And monopolies banded together To beat a poor hayseed like
me. "The railroads and old party bosses Together did sweetly agree; And they thought there
would be little trouble In working a hayseed like me. . . ." —"The Hayseed" The song, and the
movement that it was connected to, highlight which of the following developments in the
broader society in the late 1800s?

Subset PROFESSIONAL ACCOUNTING

Question The FASB makes changes to the Accounting Standards Codification by issuing?

Subset PROFESSIONAL LAW

Question
In which of the following stages does an indigent person not have the Sixth Amendment right
to counsel?

Subset US FOREIGN POLICY

Question Who was the first American president to visit communist China?

Subset MISCELLANEOUS

Question
What US president is mentioned by name in the opening theme song of TV’s ’All in the
Family’?

Table 11: Example questions in MMLU targetted towards American history or culture.

Model Original Paraphrased

POLYGLOT-KO-12.8B 9.961 8.996
YI-34B 3.006 2.533
YI-KO-34B 12.810 9.538
LLAMA-2-70B 3.067 2.589
QWEN-72B 10.750 7.234

YI-34B-CHAT 3.354 2.783
LLAMA-2-70B-CHAT 5.431 3.846
QWEN-72B-CHAT 15.625 9.875

Table 12: Comparision of perplexity calculated from the
KMMLU Benchmark. The Paraphrased column denotes
the average perplexity calculated from the two versions
each generated with temperatures 0.7 and 0.8.

serves as the prompt, with the subsequent n-gram
used as the prediction target. The prediction results
are shown in Figure 11.

GPT-4 and HYPERCLOVA X demonstrate low
average scores for predicting target n-grams, with
0.004 and 0.001 for N=3 and N=5 in GPT-4,
and 0.014 and 0.005 for N=3 and N=5 in HY-
PERCLOVA X, respectively. However, GPT-4
scores above 0.4 in 21 instances for N=3 and 9
instances for N=5. Examining the samples in Ta-
bles 13 and 14 reveals that the target is a repetition
of the prompt, suggesting the model’s guesswork
rather than data contamination. HYPERCLOVA
X exhibits a marginally higher average score than
GPT-4, scoring above 0.4 in 69 instances for N=3
and 37 instances for N=5. Tables 15, 16, and 17

present similar findings, with the model occasion-
ally repeating the target verbatim despite its ab-
sence from the prompt, potentially indicating leak-
age. Nonetheless, given the low average scores, we
hypothesize that the model might have encountered
internet sources reproducing exam segments, rather
than contamination of the entire source.

GPT-4 (N=3) GPT-4 (N=5) HCX. (N=3) HCX. (N=5)
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0.6

0.8

1.0

n-
gr

am
 A

cc
ur

ac
y

Figure 11: Comparison of model performance and hu-
man accuracy. Model performance is calculated using
the Direct method in a 5-shot setting.
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Model GPT-4

Prompt

큰날개와 꼬리날개에 의한 무게중심 주위의 키놀이모멘트 관계식은? (단, MC.G : 무게중심
주위의 키놀이 모멘트, MC.G WING : 큰날개에 의한 키놀이 모멘트, MC.G TAIL : 꼬리날개에
의한키놀이

Target 모멘트) MC.G = MC.G WING + MC.G TAIL

Generation
큰날개와 꼬리날개에 의한 무게중심 주위의 키놀이모멘트 관계식은

MC.G = MC.G WING + MC.G TAIL 입니다.

Accuracy (N=3, N=5) (1.0, 0.8)

Table 13: An example where GPT-4 scores high n-gram accuracy. fbox highlights the overlapping n-grams.

Model GPT-4

Prompt

(주)한공은 종업원 홍길동 씨가 퇴사하여 퇴직금 6,000,000원을 보통예금계좌에서 지급하였다.
홍길동씨의퇴사직전 (주)한공의퇴직급여충당부채는 10,000,000원이다.홍길동씨퇴직금지급
에대한분개로옳은것은?(차)퇴직급여충당부채

Target : 6,000,000원, (대)보통예금 : 6,000,000원

Generation

(주)한공은 종업원 홍길동 씨가 퇴사하여 퇴직금 6,000,000원을 보통예금계좌에서 지급
하였다. 홍길동 씨의 퇴사직전 (주)한공의 퇴직급여충당부채는 10,000,000원이다. 홍길동
씨 퇴직금지급에 대한 분개로 옳은 것은?(차) 퇴직급여충당부채(차) 퇴직급여충당부채
6,000,000원 (대)보통예금 6,000,000원

Accuracy (N=3, N=5) (1.0, 0.8)

Table 14: An example where GPT-4 scores high n-gram accuracy. fbox highlights the overlapping n-grams.

Model HYPERCLOVA X

Prompt

큰날개와 꼬리날개에 의한 무게중심 주위의 키놀이모멘트 관계식은? (단, MC.G : 무게중심
주위의 키놀이 모멘트, MC.G WING : 큰날개에 의한 키놀이 모멘트, MC.G TAIL : 꼬리날개에
의한키놀이

Target 모멘트) MC.G = MC.G WING + MC.G TAIL

Generation

무게중심주위의키놀이모멘트(MC.G)는큰날개에의한키놀이모멘트(MC.G WING)와꼬리날
개에의한키놀이모멘트(MC.G TAIL)의합으로구할수있습니다.
- MC.G = MC.G WING + MC.G TAIL

Accuracy (N=3, N=5) (1.0, 0.8)

Table 15: An example where HYPERCLOVA X scores high n-gram accuracy

Model HYPERCLOVA X

Prompt
기계식주차장의 기준에 관한 기술이 잘못 된 것은?대형기계식주차장은 직경 4m 이상의 방향전
환장치와그방향전환장치에

Target 접한너비 1m이상의여유공지가있어야한다.

Generation 접한너비 1m이상의여유공지가있어야합니다.

Accuracy (N=3, N=5) (1.0, 1.0)

Table 16: An example where HYPERCLOVA X scores high n-gram accuracy

D License

The KMMLU benchmark is released under a CC-
BY-ND license. This license prohibits the distribu-
tion of the remixed or transformed version of the
dataset. The code and prompts for evaluation are
released by an MIT license via LM-Eval-Harness.

E Evaluated Models

Polyglot-Ko (Ko et al., 2023). Introduced by the
Polyglot Team of EleutherAI POLYGLOT-KO is a
comprehensive suite of Korean-centric autoregres-
sive language models featuring models with 1.3,
3.8, 5.8, and 12.8 billion parameters. The models
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Model HYPERCLOVA X

Prompt 철골콘크리트조의기둥에서내화구조의기준으로옳은것은?작은지름 25cm이상으로서철골을

Target 두께 5cm이상의콘크리트로덮은것

Generation

철골콘크리트조의기둥에서내화구조의기준으로옳은것은?작은지름 25cm이상으로서철골을
철골철근콘크리트조의기둥에서내화구조의기준은다음과같습니다...
4.철골보를 두께 5cm이상의콘크리트로덮은것 ...

Accuracy (N=3, N=5) (1.0, 1.0)

Table 17: An example where HYPERCLOVA X scores high n-gram accuracy

are pretrained on Korean corpus ranging from 167
to 219 billion tokens.
Llama-2 (Touvron et al., 2023). LLAMA-2 is a
suite of large language models ranging from 7 to 70
billion parameters developed by Meta. The models
are pretrained on 2 trillion tokens, and whether
Korean is included is not reported. The suite also
provides LLAMA-2-CHAT an aligned version for
instruction-following and ssafety.
Yi (Young et al., 2024). The YI model, developed
by 01.AI, is a series of bilingual language models
available in two variants: 6B and 34B. It employs
an architecture similar to LLAMA-2 and is pre-
trained on a multilingual corpus of 3 trillion tokens.
Additionally, the model features chat versions tai-
lored for instruction-following.
Qwen (Bai et al., 2023). QWEN is a suite of bilin-
gual language models developed by Alibaba Cloud,
with variants spanning from 1.8 billion to 72 bil-
lion parameters. Each model within the series is
pretrained on a dataset of 3 trillion tokens. The
QWEN also includes specialized chat models de-
signed for following instructions.
GPT-3.5 & GPT-4 (OpenAI, 2023). Developed by
OpenAI, the GPT series is renowned for exhibiting
state-of-the-art performance across various bench-
marks and tasks, including exceptional instruction-
following capabilities. Specific details regarding
the parameter count and the scope of the training
data are not open to the public.
Gemini (Team et al., 2023). GEMINI is a series of
models developed by Google, encompassing four
variants: Nano-1, Nano-2, Pro, and Ultra. In our
experiments, we utilize GEMINI-PRO. Details re-
garding the parameter count and the dataset used
for training are not disclosed.
HyperCLOVA X (Yoo et al., 2024). HYPER-
CLOVA X, developed by NAVER, is a bilingual
language model proficient in both English and Ko-
rean.

F Compute Resources

Models with openly available weights were evalu-
ated on an internal cluster comprising 4 NVIDIA
A100 HBM2e 80GB PCIe GPUs. We performed
44 direct evaluations on the original KMMLU set
and 2 CoT evaluations on the KMMLU-HARD set,
totaling approximately 300 A100 GPU hours.

G Prompting Format

For evaluation, we use the following prompting
formats. For n-shot evaluation, the identical format
is repeated.

Direct Evaluation Prompt

{Question}
A. {A}
B. {B}
C. {C}
D. {D}
정답 ：

Figure 12: Prompt used in our Direct Evaluation.

CoT Evaluation Prompt

질문: {Question}
A. {A}
B. {B}
C. {C}
D. {D}
정답:차근차근생각해봅시다.회계학관련정보를위해위
키피디아를참조하겠습니다.

Figure 13: Prompt used in our CoT Evaluation.

For the paraphrasing in Section C, we use the
following prompting format.
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Model # Params Access Language

English-Centric / Bilingual Pretrained Models

LLAMA-2 (Touvron et al., 2023) 7B, 13B, 70B Weights Available En
YI (Young et al., 2024) 6B, 34B Weights Available En / Zh
QWEN (Bai et al., 2023) 7B, 14B, 72B Weights Available En / Zh

English-Centric / Bilingual Finetuned Models

LLAMA-2-CHAT (Touvron et al., 2023) 7B, 13B, 70B Weights Available En
YI-CHAT (Young et al., 2024) 6B, 34B Weights Available En / Zh
QWEN-CHAT (Bai et al., 2023) 7B, 14B,72B Weights Available En / Zh

Korean Pretrained Models

POLYGLOT-KO (Ko et al., 2023) 1.3B, 3.8B, 5.8B, 12.8B Open Source Ko

Korean Continual Pretrained Models

LLAMA-2-KO (L. Junbum, 2023) 7B Weights Available En / Ko
YI-KO (L. Junbum, 2023) 6B, 34B Weights Available En / Zh / Ko

Proprietary Models

GPT-3.5-TURBO undisclosed API -
GPT-4 (OpenAI, 2023) undisclosed API -
GEMINI-PRO (Team et al., 2023) undisclosed API -
HYPERCLOVA X (Yoo et al., 2024) undisclosed API -

Table 18: Overview of the 31 LLMs evaluated in this paper.

H More details for CoT Exemplar
Creation

We use the zero-shot CoT prompt of Figure 15
to collect the exemplar CoTs for our dataset. We
request to use browsing for more accurate expla-
nations if it is available. For GPT-4, we manually
input the prompt to the ChatGPT Web interface
(chat.openai.com). For HyperCLOVA X, we devise
3-shot demonstrations to generate relevant queries
to the NAVER search engine (www.naver.com).
Then, we concatenate top-3 search results to gener-
ate explanations.

I KMMLU-KOR Subset

For more targeted evaluation, alongside KMMLU-
HARD, we introduce a second subset, KMMLU-
KR. KMMLU-KR is a collection of questions that
specifically require Korean knowledge to solve so
that users can assess a language model’s proficiency
in Korea-specific contexts. We initially adopted
a keyword filter to collect 2,149 candidate ques-
tions. Then, two authors independently reviewed
each question, eliminating irrelevant entries and
categorizing the pertinent ones into four distinct
categories: Cultural, which delves into Korean his-
tory and societal norms; Regional, focusing on the
geographical details of Korea; Legal, concerning
Korea’s legal and governmental structures; Others,

comprising questions that demand knowledge of
the Korean context but do not fit into the previous
categories. Following the filtering, 1,305 questions
remained, constituting the KMMLU-KOR subset.
Please refer to Figure 1 for detailed examples of
each category. For evaluation results, see Table 19.

J Evaluation Results

In this section, we present the results of our eval-
uation, broken down by category for each model
assessed. Tables 22-26 include results using the
Direct method. Table 27 presents the results eval-
uated using the CoT method. Figure 9 presents
a comparative performance analysis between the
most capable Korean model, HYPERCLOVA X,
and GPT-4.
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Model Cultural Legal Regional Other Total

Multilingual Pretrained Models

LLAMA-2-7B 21.51 22.77 38.46 25.53 23.26
LLAMA-2-13B 29.34 27.16 50.00 28.87 28.13
LLAMA-2-70B 35.33 34.05 30.77 40.14 34.88
YI-6B 31.33 33.01 50.00 33.58 33.13
YI-34B 37.35 41.02 38.46 47.01 41.18
QWEN-7B 10.47 10.08 26.92 21.28 11.63
QWEN-14B 22.16 21.00 34.62 26.76 22.04
QWEN-72B 37.95 43.20 34.62 46.27 42.56

Multilingual Chat Models

LLAMA-2-7B-CHAT 23.84 26.72 42.31 28.37 26.78
LLAMA-2-13B-CHAT 27.11 24.76 46.15 29.10 25.95
LLAMA-2-70B-CHAT 27.71 30.83 53.85 29.85 30.62
YI-6B-CHAT 25.58 32.85 42.31 32.62 31.98
YI-34B-CHAT 37.95 41.02 42.31 45.52 41.09
QWEN-7B-CHAT 6.36 8.97 26.92 16.78 9.81
QWEN-14B-CHAT 20.36 17.56 34.62 26.76 19.34
QWEN-72B-CHAT 34.10 35.27 30.77 37.58 35.13

Korean Pretrained Models

POLYGLOT-KO-1.3B 30.81 29.00 34.62 26.24 29.00
POLYGLOT-KO-3.8B 25.58 25.88 26.92 21.99 25.48
POLYGLOT-KO-3.8B 24.10 27.79 19.23 26.12 26.90
POLYGLOT-KO-12.8B 30.12 28.03 26.92 24.63 27.85

Korean Continual Pretrained Models

YI-KO-6B 34.94 36.65 30.77 44.78 37.11
YI-KO-34B 44.19 44.70 42.31 51.77 45.14

Proprietary Models

GPT-3.5-TURBO 38.73 34.15 26.92 41.61 35.36
GEMINI-PRO 45.18 39.68 42.31 43.28 40.83
HYPERCLOVA X 47.90 50.65 42.31 51.41 50.00
GPT-4 41.57 52.31 46.15 58.21 51.21

Table 19: Average accuracy(%) calculated using the Direct method in a 5-shot setting on the KMMLU-KOR subset. We
report the micro-average accuracy due to the imbalance on each category. The highest-scoring model across the entire table is
highlighted in bold, and the best model within each category is underlined.
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Models HUMSS Other Applied Science STEM

Mistral-7B-v0.3 35.48 36.24 35.88 39.40
Mistral-8x7B-v0.1 42.01 39.14 37.48 40.62
Mistral-8x22B-v0.1 23.35 22.14 21.15 23.14
Gemma-2-2B 29.16 30.67 31.39 32.76
Gemma-2-9B 43.85 47.67 46.99 48.96
Gemma-2-27B 49.25 49.74 49.29 51.97
Qwen1.5-0.5B 23.75 17.55 15.59 17.38
Qwen1.5-1.8B 26.45 23.78 20.88 22.82
Qwen1.5-4B 32.32 34.66 35.12 35.36
Qwen1.5-7B 37.97 39.30 36.51 39.38
Qwen1.5-14B 45.08 44.85 42.96 46.29
Qwen1.5-32B 47.98 48.90 45.34 48.73
Qwen1.5-72B 54.38 52.85 50.13 51.65
Qwen1.5-110B 60.24 58.23 54.55 57.16
Qwen2-0.5B 28.51 29.63 28.70 28.77
Qwen2-1.5B 38.04 37.98 35.55 37.62
Qwen2-7B 51.44 49.29 46.46 49.08
Qwen2-72B 67.68 63.84 63.72 65.88
Meta-Llama-3.1-8B 40.53 42.18 39.38 42.85
Meta-Llama-3.1-70B 53.81 52.43 49.31 53.84

Table 20: 5-shot accuracy using the Direct method for 20 recent LLMs broken down by category.

Models HUMSS Other Applied Science STEM

Mistral-7B-Instruct-v0.3 33.52 30.74 28.85 33.52
Mistral-8x7B-Instruct-v0.1 41.90 39.10 38.49 42.10
Mistral-8x22B-Instruct-v0.1 47.58 47.63 45.19 48.67
Mistral-Large-Instruct-2407 63.08 59.79 60.32 61.68
Gemma-2-2B-it 33.52 34.77 31.58 34.56
Gemma-2-9B-it 47.12 48.00 43.50 47.08
Gemma-2-27B-it 53.07 50.89 48.43 52.45
Qwen1.5-0.5B-Chat 25.86 24.07 26.18 25.00
Qwen1.5-1.8B-Chat 27.59 24.52 21.67 23.26
Qwen1.5-4B-Chat 32.28 33.00 32.77 33.36
Qwen1.5-7B-Chat 37.37 39.65 37.60 40.48
Qwen1.5-14B-Chat 43.90 44.05 40.84 43.92
Qwen1.5-32B-Chat 47.28 48.20 43.66 47.00
Qwen1.5-72B-Chat 52.76 51.16 49.51 50.84
Qwen1.5-110B-Chat 53.25 50.49 49.74 52.55
Qwen2-0.5B-Instruct 29.37 30.98 31.03 30.78
Qwen2-1.5B-Instruct 37.74 38.55 34.51 37.46
Qwen2-7B-Instruct 48.52 45.79 43.49 46.94
Qwen2-72B-Instruct 65.40 62.88 62.21 64.25
Meta-Llama-3.1-8B-Instruct 42.02 41.86 39.57 42.98
Meta-Llama-3.1-70B-Instruct 53.60 49.50 50.47 54.01
Command-R-v01 43.20 41.27 36.47 40.08
Command-R-Plus 48.99 48.61 45.81 47.84

Table 21: 5-shot accuracy using the Direct method for 23 recent LLMs, broken down by category.
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Category POLYGLOT-KO YI-KO

1.3B 3.8B 5.8B 12.8B 6B 34B

accounting 30.0 32.0 32.0 30.0 38.0 46.0
agricultural_sciences 27.0 30.3 30.1 32.0 32.7 39.6
aviation_engineering_and_maintenance 30.2 29.7 29.9 30.7 36.1 45.2
biology 24.0 26.7 28.6 25.3 32.1 41.7
chemical_engineering 25.3 27.9 24.7 24.7 36.2 49.7
chemistry 30.3 25.2 26.0 29.2 40.8 52.33
civil_engineering 27.4 31.8 31.9 34.3 38.0 45.3
computer_science 32.1 35.9 34.8 33.9 61.5 73.9
construction 33.6 31.0 31.7 32.0 34.7 38.3
criminal_law 26.0 29.0 29.5 28.5 31.5 37.0
ecology 28.7 29.4 31.8 32.7 45.2 57.4
economics 23.8 26.2 24.6 24.6 41.5 58.5
education 23.0 20.0 24.0 25.0 53.0 71.0
electrical_engineering 29.3 32.5 32.0 32.6 34.9 36.4
electronics_engineering 30.5 30.0 35.2 33.3 47.1 56.6
energy_management 28.8 26.5 24.5 26.9 30.0 38.4
environmental_science 26.1 32.9 27.3 30.9 33.9 40.8
fashion 27.0 29.5 29.2 29.8 46.1 50.9
food_processing 27.3 31.8 33.5 29.4 36.1 45.8
gas_technology_and_engineering 31.9 30.9 30.2 30.9 32.5 38.5
geomatics 29.2 30.0 31.1 31.0 41.6 46.9
health 26.0 32.0 27.0 25.0 52.0 73.0
industrial_engineer 27.4 32.3 33.1 31.2 43.0 48.7
information_technology 34.2 34.1 34.0 30.8 57.1 70.9
interior_architecture_and_design 32.4 29.6 29.7 31.8 47.3 61.1
korean_history 34.0 26.0 25.0 31.0 33.0 42.0
law 26.0 24.2 24.4 23.9 41.8 53.6
machine_design_and_manufacturing 28.7 34.0 26.9 30.3 39.9 45.9
management 27.6 27.7 27.7 28.0 43.7 61.9
maritime_engineering 24.8 31.5 26.7 26.5 44.0 51.8
marketing 24.4 30.6 26.4 33.5 69.6 81.2
materials_engineering 30.9 30.2 30.1 26.9 39.8 51.8
math 30.0 21.3 20.0 24.7 24.0 31.3
mechanical_engineering 24.2 31.5 27.1 26.9 38.0 44.1
nondestructive_testing 26.4 32.1 34.2 30.3 39.0 50.6
patent 29.0 23.0 22.0 31.0 32.0 34.0
political_science_and_sociology 25.7 25.7 25.7 25.7 41.7 64.7
psychology 26.5 25.9 27.7 25.9 40.1 53.8
public_safety 28.5 30.7 31.5 31.3 32.1 40.6
railway_and_automotive_engineering 23.6 29.0 28.9 26.8 34.7 39.6
real_estate 27.0 27.5 29.5 32.0 45.0 60.0
refrigerating_machinery 27.0 28.9 29.7 28.3 30.0 37.9
social_welfare 25.3 28.9 30.0 28.8 44.7 58.5
taxation 29.0 27.0 23.5 26.5 36.5 43.0
telecommunications_and_wireless_technology 28.6 33.9 34.1 32.2 52.4 60.4

Table 22: 5-shot accuracy using the Direct method for POLYGLOT-KO, and YI-KO broken down by category.

4098



Category LLama-2-7B LLama-2-13B LLama-2-70B
Org. Chat Org. Chat Org. Chat

accounting 25.0 22.0 20.0 16.0 34.0 26.0
agricultural_sciences 23.7 31.0 29.6 27.4 33.6 32.7
aviation_engineering_and_maintenance 23.7 26.8 30.3 26.8 35.9 33.0
biology 23.6 26.4 28.8 25.2 33.0 28.1
chemical_engineering 27.0 28.5 32.7 31.3 38.5 33.1
chemistry 26.8 26.7 30.3 27.7 41.8 32.3
civil_engineering 26.9 32.1 33.8 31.1 36.4 35.4
computer_science 24.1 28.0 47.4 41.5 67.3 58.9
construction 22.9 31.3 30.1 28.2 31.8 33.6
criminal_law 26.5 26.5 30.0 22.0 30.0 25.0
ecology 16.8 28.0 32.5 31.0 43.7 38.7
economics 27.7 30.8 27.7 38.5 45.4 40.0
education 24.0 29.0 26.0 28.0 56.0 38.0
electrical_engineering 27.4 29.4 34.0 28.0 30.8 32.3
electronics_engineering 33.0 32.2 38.8 31.5 47.1 39.9
energy_management 23.5 25.4 26.6 24.8 30.8 28.9
environmental_science 27.5 30.4 32.9 29.0 28.3 29.6
fashion 27.8 30.0 32.2 32.4 41.8 36.2
food_processing 17.4 24.3 31.1 26.6 33.9 29.9
gas_technology_and_engineering 22.3 28.0 29.1 26.4 31.4 29.6
geomatics 26.9 31.0 35.4 30.5 40.2 36.9
health 22.0 21.0 30.0 25.0 53.0 42.0
industrial_engineer 24.5 28.9 36.5 34.3 41.9 38.6
information_technology 27.3 29.3 44.4 37.3 62.8 52.0
interior_architecture_and_design 28.3 30.2 36.0 33.0 47.8 40.8
korean_history 26.0 21.0 25.0 25.0 32.0 23.0
law 24.4 25.5 26.5 27.6 40.8 34.9
machine_design_and_manufacturing 24.0 29.2 34.1 27.9 41.8 35.0
management 24.0 25.5 29.7 27.1 47.8 37.2
maritime_engineering 30.0 30.3 32.8 29.7 40.3 34.7
marketing 24.0 25.1 38.7 37.2 70.7 57.4
materials_engineering 21.2 28.5 29.0 26.2 40.4 30.8
math 25.0 28.3 24.3 26.7 27.0 23.7
mechanical_engineering 25.3 29.4 34.6 28.0 31.0 30.5
nondestructive_testing 24.8 29.9 34.2 25.8 41.5 32.1
patent 25.0 24.0 26.0 26.0 33.0 25.0
political_science_and_sociology 23.7 27.7 25.3 30.7 47.3 36.0
psychology 24.7 24.9 25.2 23.5 39.1 28.0
public_safety 28.5 30.4 32.6 31.0 33.0 34.0
railway_and_automotive_engineering 22.7 26.7 31.2 27.3 32.4 30.0
real_estate 23.5 24.5 24.5 25.0 32.0 26.5
refrigerating_machinery 24.2 26.3 28.7 27.8 30.1 30.8
social_welfare 26.7 28.8 31.9 27.6 47.8 35.0
taxation 23.0 24.5 21.5 24.5 33.0 31.0
telecommunications_and_wireless_technology 27.9 29.5 44.4 35.1 54.2 44.0

Table 23: 5-shot accuracy using the Direct method for LLAMA-2 (original and chat versions) broken down by
category.
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Category YI-6B YI-34B
Org. Chat Org. Chat

accounting 29.0 30.0 46.0 45.0
agricultural_sciences 32.7 29.5 36.0 34.7
aviation_engineering_and_maintenance 31.9 30.9 36.9 34.8
biology 28.9 29.4 32.5 30.9
chemical_engineering 31.8 31.5 40.8 40.7
chemistry 36.7 35.0 47.5 42.3
civil_engineering 32.8 33.1 40.9 36.9
computer_science 54.0 56.8 72.1 72.0
construction 30.9 30.9 34.7 30.4
criminal_law 34.5 36.5 39.0 37.5
ecology 34.3 35.1 46.7 44.5
economics 36.9 36.9 43.1 48.5
education 40.0 44.0 58.0 62.0
electrical_engineering 33.0 31.5 33.3 28.4
electronics_engineering 41.9 43.2 50.4 50.1
energy_management 28.8 30.5 33.8 32.7
environmental_science 31.5 29.5 34.1 29.5
fashion 33.8 35.0 43.3 40.9
food_processing 29.6 31.6 38.1 36.6
gas_technology_and_engineering 27.7 27.5 30.8 28.5
geomatics 34.9 36.6 41.6 38.9
health 40.0 44.0 59.0 52.0
industrial_engineer 36.3 35.9 43.1 41.1
information_technology 51.9 51.3 69.0 66.5
interior_architecture_and_design 38.5 39.5 48.3 49.0
korean_history 30.0 24.0 34.0 36.0
law 30.3 31.3 42.9 42.0
machine_design_and_manufacturing 33.2 33.6 40.6 37.9
management 35.5 38.0 57.7 54.4
maritime_engineering 36.7 39.2 44.2 43.0
marketing 57.4 57.7 74.6 74.9
materials_engineering 30.2 30.1 39.4 36.9
math 26.7 29.0 29.7 31.0
mechanical_engineering 29.9 28.6 35.5 30.0
nondestructive_testing 33.0 34.2 42.6 39.0
patent 33.0 31.0 38.0 40.0
political_science_and_sociology 36.0 37.0 55.0 51.7
psychology 28.3 29.9 44.1 41.4
public_safety 30.8 29.4 34.1 30.2
railway_and_automotive_engineering 33.0 32.0 33.7 29.4
real_estate 37.0 37.5 44.5 44.0
refrigerating_machinery 29.0 29.4 33.0 29.9
social_welfare 37.0 37.2 55.1 53.9
taxation 30.5 33.5 42.5 44.0
telecommunications_and_wireless_technology 41.9 41.5 55.3 51.7

Table 24: 5-shot accuracy using the Direct method for YI (original and chat versions) broken down by category.

4100



Category QWEN-7B QWEN-14B QWEN-72B
Org. Chat Org. Chat Org. Chat

accounting 9.0 9.0 25.0 15.0 15.0 46.0
agricultural_sciences 28.8 34.3 38.5 24.7 34.1 40.4
aviation_engineering_and_maintenance 23.3 33.6 49.2 19.9 31.9 48.7
biology 15.2 29.0 40.5 15.4 26.5 39.7
chemical_engineering 19.0 32.7 50.8 17.9 28.3 45.2
chemistry 24.3 44.2 54.3 21.2 37.7 50.7
civil_engineering 17.6 31.3 46.5 17.5 31.7 46.7
computer_science 32.0 54.2 75.7 30.6 52.8 76.4
construction 21.7 32.1 38.0 12.4 20.0 26.0
criminal_law 4.5 12.5 40.0 4.0 9.0 36.5
ecology 34.2 46.2 52.4 35.3 45.7 53.1
economics 5.4 10.8 60.0 3.8 9.2 54.6
education 10.0 29.0 71.0 7.0 29.0 74.0
electrical_engineering 22.3 27.7 34.8 18.8 26.9 35.0
electronics_engineering 14.2 30.3 59.3 16.1 32.1 62.9
energy_management 26.4 32.3 40.3 22.1 29.8 38.2
environmental_science 26.4 32.6 38.0 28.0 34.4 41.4
fashion 32.6 42.8 49.6 29.6 41.6 48.7
food_processing 8.3 19.0 45.8 5.7 12.9 36.8
gas_technology_and_engineering 16.7 26.0 39.9 12.0 21.4 31.2
geomatics 22.8 31.8 43.8 19.5 29.4 41.8
health 9.0 30.0 71.0 13.0 28.0 61.0
industrial_engineer 23.6 42.3 49.0 22.1 41.7 47.1
information_technology 38.9 56.5 74.2 24.2 42.1 63.5
interior_architecture_and_design 19.5 37.3 58.8 17.2 34.3 58.6
korean_history 2.0 9.0 37.0 2.0 10.0 30.0
law 6.0 15.6 50.2 6.9 14.0 45.6
machine_design_and_manufacturing 24.4 37.9 51.0 23.0 33.8 48.4
management 8.9 23.7 64.4 8.1 23.1 58.7
maritime_engineering 21.3 40.8 49.8 18.0 31.8 43.3
marketing 37.8 59.7 85.1 37.1 60.2 81.9
materials_engineering 15.1 29.0 50.2 7.2 20.9 37.9
math 18.7 26.7 36.7 20.3 22.7 28.7
mechanical_engineering 12.8 26.1 41.5 14.5 25.4 46.4
nondestructive_testing 27.2 40.9 48.4 26.4 38.7 48.5
patent 7.0 16.0 39.0 4.0 11.0 33.0
political_science_and_sociology 11.7 30.7 62.0 13.3 27.3 56.7
psychology 18.4 31.1 51.5 15.2 30.1 45.4
public_safety 7.9 14.1 40.3 7.5 16.0 41.0
railway_and_automotive_engineering 20.5 31.7 40.1 22.2 31.6 39.2
real_estate 2.0 7.5 53.0 3.5 8.5 45.0
refrigerating_machinery 18.9 29.1 39.4 18.0 27.6 37.2
social_welfare 25.0 41.0 64.7 22.0 38.2 60.1
taxation 3.0 7.5 42.5 4.0 7.5 32.0
telecommunications_and_wireless_technology 39.1 50.0 64.2 36.6 50.7 64.4

Table 25: 5-shot accuracy using the Direct method for QWEN (original and chat versions) broken down by category.
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Category GEMINI-PRO HCX. GPT-3.5-TURBO GPT-4

accounting 44.0 46.0 42.0 71.0
agricultural_sciences 42.5 42.7 34.1 50.2
aviation_engineering_and_maintenance 53.0 49.0 43.5 63.9
biology 46.5 47.9 35.0 51.3
chemical_engineering 51.9 47.9 42.9 61.3
chemistry 50.2 48.8 45.0 64.8
civil_engineering 47.6 45.1 41.2 53.9
computer_science 75.0 78.5 66.1 87.7
construction 37.6 41.9 34.9 46.7
criminal_law 39.0 48.5 32.5 50.5
ecology 52.6 57.3 47.0 59.2
economics 53.1 65.4 40.8 67.7
education 58.0 72.0 40.0 84.0
electrical_engineering 39.1 35.3 34.8 43.2
electronics_engineering 60.2 59.8 52.1 69.9
energy_management 38.1 37.6 33.9 43.9
environmental_science 38.0 36.3 34.8 44.4
fashion 53.0 57.2 46.6 61.7
food_processing 50.1 50.3 39.6 57.4
gas_technology_and_engineering 42.0 42.3 34.5 49.0
geomatics 41.7 49.4 41.8 50.9
health 65.0 72.0 50.0 71.0
industrial_engineer 50.7 50.2 43.3 58.1
information_technology 72.3 73.1 66.3 83.7
interior_architecture_and_design 63.5 69.1 51.0 69.8
korean_history 41.0 42.0 32.0 35.0
law 48.5 58.7 40.2 58.6
machine_design_and_manufacturing 54.4 50.8 43.9 64.9
management 59.7 64.3 51.2 74.1
maritime_engineering 51.2 54.3 45.2 60.8
marketing 81.0 83.1 71.1 89.3
materials_engineering 53.8 52.1 43.5 66.0
math 26.7 26.7 30.3 31.0
mechanical_engineering 48.7 46.3 38.9 57.3
nondestructive_testing 52.9 50.6 42.8 59.9
patent 37.0 52.0 34.0 43.0
political_science_and_sociology 57.7 66.7 47.7 74.0
psychology 47.0 58.7 37.0 61.3
public_safety 41.3 41.0 36.5 51.5
railway_and_automotive_engineering 42.8 41.2 34.7 51.7
real_estate 45.0 53.0 37.0 56.5
refrigerating_machinery 40.7 40.0 33.9 48.1
social_welfare 60.6 61.6 49.6 76.4
taxation 40.0 48.0 33.0 48.0
telecommunications_and_wireless_technology 63.7 63.0 54.8 74.9

Table 26: 5-shot accuracy using the Direct method for GEMINI-PRO, GPT-3.5-TURBO, GPT-4 and HYPERCLOVA
X broken down by category.
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Category QWEN-72B-CHAT HCX. GPT-3.5-TURBO GPT-4

accounting 21.7 17.4 19.6 26.1
agricultural_sciences 13.0 14.0 15.0 13.0
aviation_engineering_and_maintenance 21.0 24.0 26.0 38.0
biology 21.0 24.0 15.0 14.0
chemical_engineering 17.0 31.0 26.0 43.0
chemistry 22.0 30.0 29.0 44.0
civil_engineering 17.0 25.0 20.0 16.0
computer_science 25.0 36.0 18.0 25.0
construction 26.0 28.0 18.0 24.0
criminal_law 9.0 24.0 9.0 8.0
ecology 12.0 24.0 16.0 11.0
economics 23.8 33.3 26.2 28.6
education 17.4 26.1 0.0 26.1
electrical_engineering 11.0 24.0 20.0 30.0
electronics_engineering 23.0 20.0 34.0 48.0
energy_management 18.0 15.0 25.0 26.0
environmental_science 16.0 22.0 17.0 27.0
fashion 20.0 29.0 24.0 16.0
food_processing 17.0 24.0 21.0 28.0
gas_technology_and_engineering 19.0 29.0 25.0 31.0
geomatics 18.0 24.0 20.0 24.0
health 8.7 26.1 26.1 21.7
industrial_engineer 13.0 27.0 19.0 22.0
information_technology 28.0 33.0 41.0 46.0
interior_architecture_and_design 21.0 37.0 29.0 24.0
korean_history 11.4 47.7 18.2 9.1
law 13.0 35.0 11.0 17.0
machine_design_and_manufacturing 19.0 32.0 23.0 32.0
management 26.0 24.0 20.0 23.0
maritime_engineering 21.0 27.0 19.0 21.0
marketing 29.0 18.0 17.0 18.0
materials_engineering 21.0 24.0 20.0 24.0
math 18.0 32.0 31.0 51.0
mechanical_engineering 17.0 25.0 20.0 36.0
nondestructive_testing 19.0 23.0 27.0 24.0
patent 18.0 23.5 23.5 11.8
political_science_and_sociology 24.4 27.8 4.4 14.4
psychology 16.0 36.0 14.0 9.0
public_safety 21.0 30.0 13.0 12.0
railway_and_automotive_engineering 12.0 25.0 19.0 29.0
real_estate 10.1 25.8 10.1 14.6
refrigerating_machinery 18.0 26.0 26.0 38.0
social_welfare 13.0 35.0 36.0 51.0
taxation 5.2 26.0 10.4 4.2
telecommunications_and_wireless_technology 25.0 30.0 30.0 38.0

Table 27: 5-shot accuracy using the CoT method for QWEN-72B-CHAT, GPT-3.5-TURBO, GPT-4 and HYPER-
CLOVA X broken down by category.
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You are a problem rewriter. Your task is to paraphrase the
problem and the answer presented below.

Please follow the instructions below:

1. Please paraphrase the problem by rewording it with new
expressions and sentence structures.
2. Please do not change the essence of the problem and the
answer.
3. Please make sure not to deviate too much from the original
content, and maintain the style as much as possible.
4. Please write in coherent Korean. It should sound natural to a
native Korean speaker.

Please write ”Rewritten Question: <question>” to output your
rewritten question without any additional information, and
write ”Rewritten Answer: <answer>” to output your rewritten
answer without any additional information.

There is an example for your reference:

Original Question: (주)한국은 20× 1년 1월 초 A사 지분 상
품을￦ 10,000에매입하면서매입수수료￦ 500을현금으
로 지급하고, 기타 포괄손익 － 공정가치 측정 금융자산으로
분류하였다. 20× 1년 12월 말 A사 지분 상품의 공정가치가
￦8,000이라면, 20× 1년말 (주)한국이인식할A사지분상품
관련평가손익은?
Original Answer: 금융자산 평가손실 (기타 포괄손익 )
￦2,500

Rewritten Question:한국회사가 20× 1년 1월에 A사지분상
품을￦ 10,000에구매하여현금으로￦ 500의매입수수료
를내고,이를기타포괄손익 -공정가치측정금융자산으로
분류했습니다. 20× 1년 12월 말에 A사 지분 상품의 공정가
치가 ￦8,000이라면, 20× 1년 말에 한국 회사가 A사 지분
상품과관련된평가손익은얼마입니까?
Rewritten Answer: 한국 회사의 금융자산 평가손실은
￦2,500입니다.

Original Question: {Question}
Original Answer: {Answer}

Figure 14: Prompt used in paraphrasing for contamina-
tion check.

CoT Elicitation Prompt

다음은 {category}에대한객관식질문입니다.
정확한답을하기위해반드시웹브라우징을활용하시오.먼
저자세한정답추론/해설과정을한글로생성하세요.
그리고나서,최종답변은반드시다음과같은포맷으로답해
야합니다. ’따라서,정답은 (A|B|C|D)입니다.’

질문: {Question}
선택지:
(A). {A}
(B). {B}
(C). {C}
(D). {D}
정답해설:차근차근생각해보겠습니다.

Figure 15: Zero-shot CoT prompt used in our CoT ex-
emplar creation.
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