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Abstract

We introduce JamC-QA, a multiple-choice question answering benchmark specifically designed to evaluate Japan-
specific knowledge. Existing Japanese QA benchmarks largely consist of questions translated from English or derived
from professional exams, primarily targeting academic or generally shared knowledge. Consequently, this limits
the usefulness of distinguishing the performance of high-performing Large Language Models on local knowledge
acquisition. To address this, JamC-QA serves as a robust resource for assessing the acquisition of Japan-specific
knowledge. It comprises 2,309 challenging instances that were created entirely from scratch by human annotators
across eight categories: culture, custom, regional identity, geography, history, government, law, and healthcare.
Instances that were easily answerable by weak models were filtered out. Evaluation results highlight the critical
distinction between model types: while multilingual models scored highly on general benchmarks like MMLU and
JMMLU, the results on JamC-QA indicate that they do not fully capture Japan-specific knowledge. Japanese-
language models outperform multilingual models, especially on culture- and region-related knowledge such as
proverbs, traditional events, and local customs. Furthermore, we find a notable division within Japanese models:
models further pretrained on Japanese text excel at administrative and legal questions, while models trained from
scratch perform strongly on local and cultural aspects.

Keywords: multiple-choice QA, Japan-specific knowledge, evaluation benchmark, Japanese language models, weak

LLM filtering
1. Introduction

Large language models (LLMs) have rapidly trans-
formed a wide range of fields and domains. Re-
search interest has expanded beyond English, lead-
ing to the development of multilingual and language-
specific models.

Our research focuses on Japanese, aiming to ex-
amine how effectively LLMs have acquired Japan-
specific knowledge. In Japan, giving Ochigen
and Oseibo gifts in summer and winter to express
gratitude is a customary practice, which involves
specific etiquette. Institutions such as the child al-
lowance, which is paid in even-numbered months,
are also distinctive. A central research question is
the extent to which multilingual LLMs have acquired
the Japan-specific knowledge exemplified above,
and whether they encode a greater proportion of
such knowledge compared to Japanese LLMs.

Despite the growing development of LLMs in
multiple languages, most existing benchmarks are
English-centric, leaving a gap in evaluating LLM
performance between English and non-English lan-
guages. As one example of addressing the gap,
English benchmarks such as MMLU (Hendrycks
et al., 2021) and MMLU-Pro (Wang et al., 2024)
are often translated into other languages, includ-
ing Japanese (Lai et al., 2023, Fenogenova et al.,
2024; Singh et al., 2025; Xuan et al., 2025). MMLU
mostly covers universally shared topics, such as
astronomy or international law, thus translating
them changes the language but not the under-

lying content. In this setting, models are effec-
tively only solving universally shared problems and
are not being tested on Japan-specific knowledge.
This is illustrated in Figure 1. The score rankings
of MMLU and its Japanese translation, JMMLU
(All) (Yin et al., 2024), are very similar. This sug-
gests that translation alone does not provide in-
sight into whether LLMs have acquired knowledge
specific to the Japanese context. Some of the in-
stances in JMMLU (Japanese questions) were cre-
ated from scratch and are not globally universal,
but they are too simple to clearly reveal the per-
formance gap between multilingual and Japanese
LLMs.

Alternatively some benchmarks are constructed
in the languages of each country based on ex-
ams (Li et al., 2024; Yiksel et al., 2024; Poh et al.,
2024; Verma et al., 2025; Son et al., 2025; Ro-
manou et al., 2025). For example, when evaluated
using the Japanese subset of INCLUDE (Romanou
et al., 2025)', an exam-based benchmark derived
from driving licenses, medical exams, and pro-
fessional certification exams, multilingual models
and Japanese continued pretrained models from
LLaMA (Fuijii et al., 2024) achieve high scores in
the second group from the right in Figure 1. This
shows a trend similar to that observed in MMLU
and JMMLU.

This paper introduces JamC-QA, created from

"https://huggingface.co/datasets/
Coherelabs/include-base—-44
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Figure 1: Comparison of model performance (accuracy) across five benchmarks: MMLU, JMMLU (All ques-
tions), JMMLU (Japanese questions), include-base-44 (Japanese subset), and JamC-QA (All questions).
Qwen2.5-72B, Nemotron-4-340B-Base, and Meta-Llama-3.1-405B are multilingual models; Mixtral-8x7B-
v0.1-japanese, RakutenAl-2.0-8x7B, and Llama-3.3-Swallow-70B-v0.4 are continued pretraining models;
lIm-jp-3.1-8x13b, plamo-100b, and sarashina2-70b are Japanese scratch models.

scratch to address the gap between benchmarks
evaluating universally shared knowledge and those
assessing Japan-specific knowledge. JamC-QA
uses a multiple-choice question answering (MCQ)
format, similar to MMLU. Each MCQ instance con-
sists of a question, answer choices, and the cor-
rect choice. The benchmark comprises MCQ in-
stances across eight categories: culture, custom,
regional identity, geography, history, government,
law, and healthcare. To ensure appropriate diffi-
culty, instances that are easily answered by weak
LLMs were automatically filtered out, whereas in-
stances involving knowledge that is universally
shared across languages or overlapping with other
instances were manually excluded. These proce-
dures yielded a challenging benchmark, as illus-
trated by the rightmost graph in Figure 1. Eval-
uation experiments demonstrate that Japanese
scratch models excel in knowledge of proverbs and
local events, whereas Japanese continued pretrain-
ing models perform better on administrative and
legal knowledge.
Our contributions are as follows:

* Introduction of JamC-QA, a multiple-choice
QA benchmark targeting Japan-specific knowl-
edge.

+ Provision of a high-quality benchmark of 2,309
MCQ instances, all created from scratch.

» Analysis of category-specific strengths and
weaknesses of Japanese scratch models,
Japanese continued pretraining models, and
multilingual models.

« Facilitation of research on Japanese language
models.

2. Related Work

A common approach to creating non-English bench-
marks involves three methods: translating existing
English benchmarks, using exam questions written
in each target language, and constructing bench-
marks entirely from scratch.

Translation-based benchmarks. The simplest
approach to creating non-English benchmarks is
to translate existing English benchmarks. MCQ
English benchmarks such as MMLU (Hendrycks
et al., 2021), MMLU-Pro (Wang et al., 2024), and
MMLU-Redux (Gema et al., 2025) cover a wide
range of academic and professional subjects, and
have been translated into other languages to con-
struct non-English benchmarks. In Lai et al. (2023),
MMLU is translated into multiple languages fully au-
tomatically using ChatGPT. Global MMLU (Singh
et al., 2025) and MMLU-ProX (Xuan et al., 2025)
incorporate human corrections into the machine-
translated output. MMMLU? relies entirely on pro-
fessional human translations. Translation-based
approaches have limitations: translated MCQ in-
stances may be unnatural or contain errors, they
tend to focus on universally shared knowledge, and
they may implicitly carry English-speaking cultural

2https://huggingface.co/datasets/
openai/MMMLU
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norms, which can misalign with local contexts.

Exam-based benchmarks. To address these
issues, some benchmarks are constructed from
real exam instances from regions where each tar-
get language is used, without translation, such
as KMMLU (Son et al., 2025), CMMLU (Li et al.,
2024), ArabicMMLU (Koto et al., 2024), Persian-
MMLU (Ghahroodi et al., 2024), TurkishMMLU (Y k-
seletal., 2024), MalayMMLU (Poh et al., 2024), and
INCLUDE (Romanou et al., 2025). These bench-
marks focus on the subjects covered in profes-
sional exams and rarely directly test region-specific
knowledge. An analysis of the Japanese MCQ in-
stances in INCLUDE, those from driving license,
medical, and professional certification exams, re-
veals that they often contain knowledge shared
with other countries, highlighting that exam-based
benchmarks rarely assess region-specific culture.
Evaluations using INCLUDE on Japanese knowl-
edge also indicate that multilingual models achieve
high scores, and continued pretraining models built
upon them further enhance performance. An ex-
ception is MILU (Verma et al., 2025), which includes
instances on regional culture, history, traditions,
and festivals and similar benchmark for Japan is
needed, but none currently exists.

From-scratch benchmarks. There are also ef-
forts to create benchmarks from scratch. The
closed test split of ruMMLU (Fenogenova et al.,
2024) and some categories in JMMLU (Yin et al.,
2024) include expert-authored MCQ instances fol-
lowing MMLU categories. In JMMLU, instances
based on Japan-specific knowledge are included in
four categories: japanese_idiom, japanese_history,
japanese_geography, and japanese_civics. These
benchmarks primarily assess academic knowledge
and do not directly evaluate broader local customs
or everyday cultural practices. Many of the MCQ
instances can already be answered correctly by re-
cent high-performing LLMs, which limits their use-
fulness in distinguishing model performance (see
Figure 1).

3. Design of JamC-QA

This section describes JamC-QA, a benchmark
consisting solely of instances that assess knowl-
edge specific to Japan. Unlike existing bench-
marks, which are translations of English bench-
marks or based on exam questions and include
knowledge common across regions, JamC-QA was
created manually from scratch and its questions
are generally more challenging. To avoid the wide
range of possible answers associated with open-
ended questions, JamC-QA adopts MCQ format,
similar to MMLU.

Although the Japanese questions in JMMLU
were created from scratch, their question cate-
gories still follow those of MMLU. The categories
of MMLU were primarily designed for educational
and academic domains and thus do not align with
our goal of evaluating knowledge specific to Japan.
To measure the extent to which models acquire
knowledge specific to Japan, we newly define eight
categories for JamC-QA: culture, custom, regional
identity, geography, history, government, law, and
healthcare. While MMLU also includes categories
such as geography, history, and law, it focuses
on the geography and history of English-speaking
regions, as well as international law. In contrast,
JamC-QA focuses specifically on Japanese history,
Japanese geography, and Japanese law. Although
Japanese history and geography are included in the
Japanese questions of JMMLU, these can already
be answered correctly by recent high-performing
LLMs; thus JamC-QA aims to provide more chal-
lenging instances.

The categories are defined as follows:

Culture: Covers knowledge related to uniquely
Japanese cultural aspects, including language,
traditional culture, and subculture.

Custom: Focuses on Japanese customs, man-
ners, etiquette, and proper behaviors in daily
life.

Regional Identity: Assesses knowledge rooted in
local regions, such as regional festivals, fa-
mous sites, and local legends.

Geography: Covers knowledge typically taught
in school social studies or geography, but in-
cludes instances that are more difficult than
standard academic exams.

History: Covers knowledge typically taught in
school social studies or Japanese history
classes, with instances that are more challeng-
ing, comparable to those in Geography.

Government: Focuses on administrative services
and policies relevant and accessible to every-
day life in Japan.

Law: Covers Japanese legal statutes and their en-
forcement. While other benchmarks may fo-
cus on international law, this category covers
Japanese law, including the Constitution, Civil
Code, and Penal Code.

Healthcare: Includes knowledge of medical care
and nursing available in everyday life in Japan,
including practical knowledge of medical facili-
ties, drugstores, and emergency situations.

Examples of MCQ instances from each category
are provided in Table 1 for clarity.
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Culture

(From winter to spring, From autumn to winter, From summer to autumn, From spring to summer)

(Choose the appropriate item to give as a gift for “Kaiki-iwai” (a celebration of recovery from iliness).”)

Question: /NEHRPRT =M% ER

(Choose the season that “Koharu-biyori” refers to.)
Choices: AN oHF, Ko ELoK, BEroE
Custom
Question: MREHNZHES HEY e UTEEIZ2d D% #EN
Choices:  $kfE X, T8, AIBHKl, ~THhy 7

(Potted plant, Hand mirror, Bath salts, Mug cup)

Regional Identity

Question: U & > HDOFLEDHITEN?

(Which region is the birthplace of “doj6-nabe” (a Japanese loach hot pot dish) ?)
Choices:  SUEBIE, SRGUHER, RBRRT, Al 12

(Kyoto Prefecture, Tokyo Metropolis, Osaka Prefecture, Fukuoka Prefecture)
Geography
Question:  JHIZHEL TWRWIRER RO % E N

(Choose the number of Japanese prefectures that do not border the sea.)
Choices: 6 i, 5 f#, 8 i, 7 i

(Six, Five, Eight, Seven)
History
Question:  JFHEK & ERDO GO EIEUE EHULD i 5 #A

(Choose the number of battles fought between the Geniji and Taira clans.)
Choices: 7 [|], 13 [a], 17 [1], 3 [|]

(7 times, 13 times, 17 times, 3 times)

Government

Question: 2024 #£BIfE, RHEFHOLHHIZTVDOPEN
(As of 2024, choose the months in which the “jidd teate (child allowance)” is paid.)
Choices: 4RO A, BH, HFEA, HEEH
(Only at the end of the year, Every month, Odd-numbered months, Even-numbered months)
Law
Question:  #HIEHE 16 RIZBWVWT, BERSBO—DOFEL UTHANAD SN, HRAREI W TWEIH DI
en?
(Under Article 16 of the Constitution, which of the following, recognized as a form of citizen
participation, can be submitted to the National Diet?)
Choices: B, BAE, BMERE, F6HE
(Appeal letter, Statement of opinion, Written question for the government, Petition)
Healthcare
Question: 4126 » A SR TE 5 ENERY 7 F 2 %8N
(Choose the routine vaccine that can be administered from six months of age.)
Choices: A Y7V y¥, Hillaw ), HARMZE, 8725 ¢

(Influenza, COVID-19, Japanese encephalitis, Mumps)

Table 1: Example MCQ instances from each JamC-QA category, presented in Japanese along with
English translations. Correct choices are indicated in red.

4. Construction of JamC-QA

The MCQ instances in JamC-QA were created by
21 in-house annotators. They received category
definitions and examples, along with the following
guidelines:

» The text of each question and choices should
not be directly copied from Wikipedia, because
LLMs may have been trained on it. Wikipedia
may be consulted only to verify the MCQ in-
stances.

» Geography and history instances should go be-
yond standard academic difficulty, as models
are assumed to already possess textbook-level

knowledge.

» Annotators should not use any LLMs (e.g.,
ChatGPT, Gemini) when creating instances,
to prevent the instances from being biased
against particular LLMs.

Although annotators were instructed to create
challenging instances, the actual difficulty of the
instances, as well as the performance achieved by
the models, can only be assessed through evalua-
tion with LLMs, revealing that some of the created
instances were easily solved. Following Wang et al.
(2024), a weak LLM filtering method was adopted
to remove instances that were excessively easy.
Any instances correctly answered by at least half
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(4 or more) of the following eight weak LLMs were
excluded:

« Qwen3-1.7B-Base (Yang et al., 2025)

+ calm2-7pb®

[Im-jp-3-3.7b (LLM-jp et al., 2024)
Meta-Llama-3.1-8B (Grattafiori et al., 2024)
Mistral-7B-v0.1 (Jiang et al., 2023)
Minitron-8B-Base (Muralidharan et al., 2024)

+ gemma-2-baku-2b*
« sarashina2.2-0.5b°

All 5,686 initial instances were created, and 793
of them were subsequently removed through weak-
LLM filtering. For example, the following History
instance was removed because it was too easy:

Question: Hi FHELIZFLH DD 2 HAPIMRDKE & \»
ZALGHE D
(Who is considered the first emperor of
Japan according to the Kojiki?)
Choices: SRR, #liil K2, ZERE, RHRE
(Emperor Itoku, Emperor Jimmu, Em-
peror Annei, Emperor Suizei)

Following the filtering, we implemented a rigor-
ous multi-stage verification to ensure benchmark
reliability. Our proofreading team first corrected
typographical errors and refined phrasing. Subse-
quently, two authors independently inspected all re-
maining candidates to verify factual accuracy, elimi-
nate ambiguity, and remove unsuitable, non-Japan-
specific, or duplicate instances. We also excluded
misaligned items and added date information to
time-sensitive questions. Any disagreements were
resolved through formal adjudication. This com-
prehensive review resulted in a final benchmark of
2,309 instances, each with a single, indisputable
correct answer.

Table 2 shows the distribution of instances across
categories. The number of instances varies widely:
the culture category has the most instances (640),
while healthcare has the fewest (48) due to the
specialized knowledge required.

5. Experiments

To assess how well language models acquire spe-
cific knowledge of Japanese, we conducted an eval-
uation using JamC-QA.

Shttps://huggingface.co/cyberagent/
calm2-7b

*https://huggingface.co/rinna/
gemma-2-baku-2b

Shttps://huggingface.co/sbintuitions/
sarashina2.2-0.5b

Category Number of Questions
Culture 640
Custom 200
Regional Identity 397
Geography 272
History 343
Government 110
Law 299
Healthcare 48
Total 2,309

Table 2: Number of instances per category in JamC-
QA.

5.1.

The evaluation was conducted using the following
LLMs:
Closed-source Multilingual models:

Experimental Settings

 gpt-5_reasoning-high
* gpt-5_reasoning-medium
Open-source Multilingual models:
* gpt-oss-120b_reasoning-high(OpenAl, 2025)

* gpt-0ss-120b_reasoning-medium (OpenAl,

2025)
* Meta-Llama-3.1-405B (Grattafiori et al., 2024)
* Nemotron-4-340B-Base (Nvidia et al., 2024)
* Qwen2.5-72B (Qwen et al., 2025)

Open-source Japanese continued pretraining
models:

+ Llama-3.3-Swallow-70B-v0.4(Fuijii et al., 2024)
+ RakutenAl-2.0-8x7B8
+ Mixtral-8x7B-v0.1-japanese’

Open-source Japanese scratch models:
+ sarashina2-8x70b®
+ plamo-100b (Preferred Elements et al., 2024)
¢ [Im-jp-3.1-8x13b (Nakamura et al., 2025)

Except for the OpenAl models, all models are
base models. Japan-specific knowledge is exten-
sive and cannot be fully acquired through addi-
tional supervised fine-tuning (SFT) or reinforce-
ment learning (RL) alone. This study evaluates

®https://huggingface.co/Rakuten/
RakutenAI-2.0-8x7B

"nttps://huggingface.co/abeja/
Mixtral-8x7B-v0.1l-japanese

8https://huggingface.co/sbintuitions/
sarashina2-8x70b
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the extent to which models acquire knowledge dur-
ing pretraining on large-scale text corpora. The
base models are the highest-scoring models from
organizations, irrespective of their size, based on
overall accuracy on JamC-QA. The gpt-5 models
were evaluated on August 7, 2025.

All base models were evaluated under a few-
shot learning setup. The 4-shot examples were
kept consistent across evaluations to ensure re-
producibility, avoiding random variations that could
arise from the example selection. The template
shown in Figure 2 is applied only in the culture cat-
egory, with the same 4 examples used consistently
for this category. Base models also adopt a direct
string generation approach, in which they produce
the full text of the selected choice rather than merely
selecting a label. This ensures that base models
are evaluated on their ability to select the correct
choice itself, not merely produce a label.

OpenAl models were evaluated in a zero-shot
setting. They used a label output setting (A, B, C,
D) to avoid the complexity of extracting the selected
choice string from the free-form chat text output.

The evaluation score was calculated as the per-
centage of instances for which the output produced
by the model exactly matches the correct choice
string or label. The reported accuracy for OpenAl
models, which were executed using sampling, is
averaged over three runs. Conversely generation
for base models is performed using greedy search
without any sampling to ensure reproducible and
consistent output.

5.2. Results

Table 3 presents the evaluation results on JamC-
QA. GPT-5 achieves the highest scores both over-
all (All) and across individual categories. GPT-5
has acquired more knowledge about Japan than
other multilingual or Japanese models. The score
gap between GPT-5 and gpt-oss shows that this
result cannot be attributed solely to reasoning abil-
ity. Other multilingual models achieve lower scores,
even if they are large in size. These scores are
lower compared to Japanese scratch models or
Japanese continued pretraining models.
Excluding GPT-5, the overall accuracy shows
that the highest-scoring model among Japanese
LLMs is sarashina2-8x70b. The LLMs with the next
highest scores are those that underwent continued
pretraining on Japanese text, including Llama-3.3-
Swallow-70B-v0.4. Although sarashina2-8x70b is
the top-performing model in most individual cate-
gories, Llama-3.3-Swallow-70B-v0.4 achieves the
same score in the custom category. In the gov-
ernment and law categories, Llama-3.3-Swallow-
70B-v0.4 outperforms sarashina2-8x70b. These
results indicate that, even for Japan-specific knowl-
edge, different models have distinct areas of

PANIZZ A2 2 3HT 2Hm & B S H
RS 2 AN OMAELETT, EREEYNIC
Wz EEEFENTIZIN,

(The following is a combination of task instruc-
tions and input providing additional background
information. Please provide an answer that ap-
propriately fulfills the requirements.)

fims ERE B OEREE AJ1 & UTZITH
0. BRI SEIEZERL T ZI WV, HED
MUZITEEGD RNV L ZHFLTLEI N,
(Instruction:: Given a question and a set of an-
swer choices, select the correct answer from the
choices. Do not include anything other than the
answer.)

B BMOBFETRWDE D ZBINFEOFH 5%
N, GER

HA

ALEE

iz

(HES, [I%:: A

R GBI D OBEATEE A BB, 5 BRHIZAEA
52HDIEEN?, ER::

b &

HEEE

o]

T, BI%: AT

B SRS - FTAE - HGEE - BORED S B S
HIZW A BEDITEN, BRI

pe[Ees

R %8

HOlE, (A% AR

B o E THEIRD AN DEFLIERA,
B E O o < DIET AT & IR DEIRE D &
A ERE

ELUF

#LF

ZhT

L AF, BE: RUF

B {{ question }}, IR

{{ choice0 }}

{{ choice1 }}

{{ choice2 }}

{{ choice3 }}, [H%&::

Figure 2: Template for the 4-shot examples used
in the culture category. The italicized English text
has been added solely for clarity and is not part of
the actual template.

strength. Compared with sarashina2-8x70b, Llama-
3.3-Swallow-70B-v0.4 appears to be particularly
strong on questions related to legal knowledge.

6. Discussion
6.1. Acquisition of Japan-Specific
Knowledge

To investigate the trends in the knowledge ac-
quired by Japanese scratch models, Japanese
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Model All Cult. Cust. Reg.ID Geo. Hist. Govt. Law HC
(2,309) | (640) (200) (397) (272) (343) (110) (229) (48)

Closed-source Multilingual Models
gpt-5_reasoning-medium 0.847 | 0.864 0.862 0.814 0.835 0.863 0.839 0.835 0.910
gpt-5_reasoning-high 0.845 | 0.862 0.890 0.825 0.809 0.866 0.830 0.807 0.931
Open-source Multilingual Models
Meta-Llama-3.1-405B 0.571 | 0.558 0.545 0.484 0.500 0.679 0.646 0.629 0.688
Nemotron-4-340B-Base 0.567 | 0.573 0.615 0.511 0.467 0.595 0.727 0.582 0.667
Qwen2.5-72B 0.527 | 0.522 0.595 0.426 0.438 0.606 0.609 0.562 0.688
gpt-o0ss-120b_reasoning-high 0.523 | 0.506 0.527 0.392 0.539 0.603 0.536 0.593 0.688
gpt-0ss-120b_reasoning-medium 0.517 | 0.502 0.557 0.410 0.510 0.570 0.585 0.556 0.688
Open-source Japanese Continued Pretraining Models
Llama-3.3-Swallow-70B-v0.4 0.697 | 0.689 0.775 0.589 0.566 0.776 0.773 0.783 0.854
RakutenAl-2.0-8x7B 0.633 | 0.622 0.725 0.617 0.511 0.714 0.709 0.575 0.813
Mixtral-8x7B-v0.1-japanese 0.593 | 0.602 0.670 0.579 0.493 0.612 0.736 0.545 0.667
Open-source Japanese Scratch Models
sarashina2-8x70b 0.725 | 0.714 0.775 0.761 0.654 0.784 0.736 0.632 0.917
plamo-100b 0.603 | 0.602 0.650 0.637 0.504 0.682 0.609 0.515 0.688
lIm-jp-3.1-8x13b 0.568 | 0.595 0.635 0.582 0.449 0.589 0.627 0.502 0.625

Table 3: Evaluation results of various LLMs on JamC-QA. Values in parentheses in the header indicate the
number of instances per category. The models are grouped into multilingual LLMs, continued pretraining
models, and scratch models, and are sorted in descending order by their overall (All) scores.

continued pre-training models, and multilingual
models. In this section, we compare these three
categories of LLMs. Generally, the amount of
Japanese text used during training increases in
the order of multilingual < Japanese continued pre-
training < Japanese scratch models. Our analysis
confirms that LLMs trained on larger amounts of
Japanese text are capable of solving more difficult
instances, ranging from common proverbs and cus-
toms to advanced Japan-specific questions such
as Japanese place names, the Hyakunin Isshu an-
thology, and slang. To demonstrate this, we se-
lected the top-performing base models from each
group: Meta-Llama-3.1-405B (hereafter, Llama),
Llama-3.3-Swallow-70B-v0.4 (hereafter, Swallow),
and sarashina2-8x70b (hereafter, Sarashina). The
closed-source models GPT-5 are excluded from
this comparison; despite their extremely high perfor-
mance, their lack of details makes them unsuitable
for analyzing output examples and tendencies.

First, MCQ instances that Sarashina and Swal-
low answered correctly, while the multilingual model
Llama failed, are examined. These examples sug-
gest that uniquely Japanese knowledge, such as
proverbs, customs, and cultural events, is not suf-
ficiently captured by multilingual models. The fol-
lowing are representative examples.

Question: Z &b [RIFEEEIZOOE ADAL ]
DOOIZ A B & IR 538N
(Select the animal that completes the
Japanese proverb “Evena____ won't eat
a quarrel between husband and wife”
(A quarrel between husband and wife is
nobody’s business.).)

Choices: i, /2, I, X
(cat, tiger, snake, dog)
Llama: ¥

Question: §HEE THi{lK] OfEFEE UL TIEL WD
En?
(Which closing phrase is correct for
the Japanese letter opening “Zenryaku”
(without preamble)?)
Choices: 5.~ 23, A, 7%
(S6s6 (shortly/promptly), Kydhaku (ur-
gent), Keihaku (respectfully yours), Haikei
(Dear Sir/Madam))
Llama: %

Question: ERFEO T THRb BVWEKROBH W%
PEEIAN
(Select the celebration corresponding to
the highest age among the options.)
Choices: #7#, &7, K3, 177
(Sotsuju (90th birthday), Sanju (80th birth-
day), Beiju (88th birthday), Hakuju (99th
birthday))
Llama: 27

Next, instances that Sarashina answered cor-
rectly while both Swallow and Llama failed are ex-
amined. Although Swallow underwent continued
pretraining on Japanese texts, it appears that knowl-
edge of more specialized topics-such as obscure
Japanese place names or poets included in the
Hyakunin Isshu anthology—remains incompletely
captured.

Question: ZEEOMIE [Z0] OIEL WA KL
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&n?
(What is the correct reading of the place
name “Z[1” in Hyogo Prefecture?)
Choices: 137K 5, 1372027, BB, HAIT D
(Hatakuchi, Hadakasu, Akuchi, Ankd)
Swallow: (372< %
Llama: H< %

Question: FA—E IO A > TORWAFRIRA %
B 5 HEA
(Select the female poet who does not
have a poem included in the Hyakunin
Isshu anthology.)

Choices: HHF, #lH £, 25, /NEF/NT

(Sei Shénagon, Nukata no Okimi,
Murasaki Shikibu, Ono no Komachi)
Swallow EDIE
Llama: ; /J\’?‘W.:.

Finally, instances that none of the three mod-
els answered correctly are examined. These cases
suggest that even Japanese-language models face
difficulties with idiomatic expressions, slang, or vi-
sually grounded knowledge that is challenging to
represent in text.

Question: W &\ 5 EROEEIX E
(Which slang term refers to weak sake?)

Choices: 15 =, Hh > %, K, &S
(Murasame, Akauma, Mizudori, Hanny-
ato)

Sarashina: /K

Swallow: f%#%5

Llama: /K¢

Question: ZEEFHDO S5, WAFKOSH DT EN?
(Which of the following traffic signs is
rectangular?)

Choices: fif SHEESERE, HEE HIAAMETTRE L, &S

HIBR, 224 i
(Priority Road, No Entry Except Specified
Direction, Height Limit, Refuge island)

Sarashina: 55 /5 A ETTEE

Swallow: 5 /5 A ETTEE

Llama: #5%& /7 A4 745 1k

The closed-source model gpt-5_reasoning-
medium successfully solved the two instances.
This result indicates that GPT-5 has acquired knowl-
edge aspects not yet captured by open-source mod-
els.

Analysis of performance in each category shows
that Swallow performed particularly well in the law
category. This is likely because continued pretrain-
ing of Swallow selectively utilized high-quality aca-
demic texts, including legal documents, which con-
tributed to strong performance in legal knowledge.
The following is an example instance that Swallow

answered correctly while Sarashina and Llama did
not.

Question: 2024 FHI{E, FFEHAELRIZSWT, K
EIRE DIEFIFIT B 2 I8 S FHRD
Hol-GE. 2EPHEHE KIS RE
LEDLELTEDONTWVEDIFEN?
(As of 2024, under the Labor Standards
Act, which of the following is prescribed
as the payment a company must provide
to a worker upon request during emer-
gencies such as disasters?)

Choices: (KEFY, T TIZEW=DDES, KA

DE®, FEHERD 6 HIPL LOFY
(Leave allowance, Wages for work al-
ready performed, Wages for the following
month, Allowance of at least 60% of the
average wage)

Sarashina: ‘L&D 6 L EDOFY

Llama: {K¥F24

6.2. Analysis of Instance-Level Difficulty

We demonstrated in the experiment in Section 5
(Table 3) that our benchmark achieved an appro-
priate level of difficulty without excessively easy
instances, by carefully designing the construction
process and filtering out instances correctly answer-
able by weak LLMs. In this section, we investigate
whether the difficulty of each instance is appropri-
ately distributed and whether the benchmark effec-
tively measures performance gaps between mod-
els. Specifically, we examine whether the bench-
mark contains a disproportionate number of either
excessively easy instances or, conversely, overly
difficult ones. Regarding the latter, we investigate
whether these instances involve knowledge that
remains to be acquired by future LLMs or instead
stem from benchmark artifacts, such as question
ambiguity or incorrect ground truth labels. Figure 3
illustrates the distribution of the number of mod-
els that correctly answered each instance. The
horizontal axis represents the number of models
that selected the correct choice, whereas the ver-
tical axis indicates the number of instances. The
instances are well-distributed across various diffi-
culty levels, ranging from those correctly answered
by only a few models to those answered by all. This
distribution ensures that the benchmark maintains a
sufficient variety of items without a disproportionate
concentration of excessively easy or overly difficult
instances.

A total of 436 instances were correctly answered
by all models, corresponding to the rightmost bar
in Figure 3. As detailed in Section 4, we employed
several weak models to filter out excessively easy
instances. Consequently, approximately 20% of
the benchmark consists of instances that, while
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Figure 3: Distribution of correct answer counts. The
horizontal axis represents the number of models
that answered correctly, while the vertical axis indi-
cates the total number of instances for each number
of correct models.

challenging for weaker models, were correctly an-
swered by the stronger models employed in our
experiment, which possess larger parameter sizes
and superior Japanese QA performance. This com-
position ensures that our benchmark remains de-
manding while providing sufficient ease of answer-
ing to evaluate even weaker models. A qualitative
examination of these instances reveals that they
include questions regarding the correct readings of
kanji characters such as & H#L (Sarusuberi), LI
1€ (Sazanka), and fif#4t (Shakunage), which are
difficult to read yet frequently encountered in Japan.
Additionally, the set contains instances focusing
on widely recognized, uniquely Japanese business
etiquette.

Question: FHALOFA S IEEN?
(Which is the correct reading of “F H

KL"?)
Choices: 23R, O IZHED, X5 E%,
DR om iy
(Sarusuberi, Hyakunichisou, Sarubana,
Hyakkakurenai)

Question: 2X#5EIZ% 5 HE T, SUHDOMBEZDE
IZELBDIFEN?
(Which honorific should follow the com-
pany name on an envelope addressed
to a firm?)
Choices: %, {1, &, &A4%
(Sama, Onchu, Dono, Kakui)

A total of 127 instances were not correctly an-
swered by any of the models, corresponding to
the leftmost bar in Figure 3. A qualitative examina-
tion of these instances confirms that the incorrect
responses stem from the high difficulty of the ques-
tions, which involve regional aliases used only in

certain parts of Japan or the specific contents of
legal documents, rather than any flaws in the bench-
mark.

Question: +=HDEH L U Tk CIEIEN T
WaHDIEEN?
(Which of the following is an alias for
Jusanya, the 13th night of the ninth lunar
month, used in certain regions?)
Choices: D H, EOHH, /NEDHH, GDHH
(Nochi-no-tsuki, Kuri-no-meigetsu,
Komugi-no-meigetsu, Mame-no-
meigetsu )

Question: 2024 F£HIfE, BMEEEHLEO R
LikEn?
(As of 2024, what is the title of Chapter
7 of the Food Sanitation Act?)
Choices: Zill, i, BHHEE, A5 K ORNY
(Penal Provisions, Inspections, Monitor-
ing and Guidance, Food and Additives)

These observations confirm that JamC-QA en-
compasses a broad range of difficulty levels, rang-
ing from knowledge-based questions that are chal-
lenging from an overseas perspective but well-
known in Japan to highly specialized items requiring
knowledge limited to specific regions or professions
within the country.

7. Conclusion

This paper introduced JamC-QA, a benchmark fo-
cused on knowledge specific to Japan that presents
a greater challenge than existing Japanese QA
datasets. JamC-QA comprises 2,309 MCQ in-
stances across eight categories, which cover knowl-
edge not typically assessed in academic exams or
standard tests. JamC-QA enables researchers to
identify the strengths of Japanese-language mod-
els while highlighting areas where multilingual mod-
els exhibit insufficient coverage.
Future work includes:

+ Increasing the number of instances in cate-
gories with relatively few items to reduce cate-
gory imbalance.

+ Subdividing the broad culture category into
subcategories, for example, by referencing
sections used in Japanese newspaper culture
pages.

» Expanding the benchmark to include open-
ended questions and other task formats such
as translation and mathematics, that capture
knowledge specific to Japan and not shared
globally.
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8. Data Availability

The benchmark developed in this study
is publicly available on Hugging Face at
https://huggingface.co/datasets/
sbintuitions/JamC-QA under a Creative Com-
mons Attribution-ShareAlike 4.0 International (CC
BY-SA 4.0) license. By releasing this resource, we
aim to facilitate further research and development
of Japanese language models.
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