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Abstract

We introduce the Korean Canonical Legal
Benchmark (KCL), a benchmark designed
to assess language models’ legal reasoning
capabilities independently of domain-specific
knowledge. KCL provides question-level sup-
porting precedents, enabling a more faithful dis-
entanglement of reasoning ability from param-
eterized knowledge. KCL consists of two com-
ponents: (1) KCL-MCQA, multiple-choice
problems of 283 questions with 1,103 aligned
precedents, and (2) KCL-Essay, open-ended
generation problems of 169 questions with 550
aligned precedents and 2,739 instance-level
rubrics for automated evaluation. Our system-
atic evaluation of 30+ models shows large re-
maining gaps, particularly in KCL-Essay, and
that reasoning-specialized models consistently
outperform their general-purpose counterparts.
We release all resources, including the bench-
mark dataset and evaluation code, at https:
//github.com/lbox-kr/kcl.

1 Introduction

Large reasoning models (LRMs) trained to reason
explicitly in the verbal space have shown supe-
rior performance over general large language mod-
els (Guo et al., 2025; OpenAI, 2025b). However,
their capabilities have been evaluated mainly in
formally structured domains such as mathemat-
ics, STEM, and code (Cobbe et al., 2021; Rein
et al., 2024; Jain et al., 2025). A recent knowledge-
independent, rule-following benchmark takes a step
toward assessing LRMs’ reasoning independently
of background knowledge (Ma et al., 2025).

However, real-world applications require solving
problems in vertical domains such as biomedicine,
finance, and law, where the types of reasoning are
diverse and context dependent. In these domains,
it is more challenging to isolate reasoning ability

∗ Most work was done while at LBOX.
† Corresponding authors.

from the memorized knowledge. Tasks in the le-
gal domain are representative cases in which do-
main knowledge and logical reasoning are tightly
intertwined, requiring complex context understand-
ing and reasoning (Sadowski and Chudziak, 2025).
However, the need for country-specific expertise
makes legal data less accessible for LLM devel-
opment. Consequently, prior benchmarks mainly
focused on knowledge itself (Chalkidis et al., 2022;
Hwang et al., 2022; Fei et al., 2024).

Meanwhile, several recent benchmarks attempt
to incorporate legal reasoning more explicitly, but
remain limited along a few common dimensions.
Guha et al. (2023) define tasks aligned with the Is-
sue, Rule, Application, Conclusion (IRAC) frame-
work and evaluate them using exact match, but
are restricted to English-language contexts and
do not provide supporting knowledge. Similarly,
Fan et al. (2025) construct IRAC-based tasks from
English and German law exam questions and
adopt a reference-based LLM-as-a-Judge evalua-
tion scheme, yet likewise omit explicit knowledge
resources. Kim et al. (2024) introduce reasoning-
focused tasks in the Korean legal domain, but these
are largely confined to relatively simple yes/no
classifications (e.g., causal reasoning, statement
consistency, case relevance), and their Korean Bar
Exam MCQA does not include related precedents,
making it difficult to disentangle reasoning ability
from prior knowledge. Li et al. (2024) offer a large-
scale and comprehensive evaluation of Chinese le-
gal knowledge and reasoning, but the benchmark
is predominantly multiple-choice–based and does
not explicitly evaluate statute-/precedent-grounded
faithfulness at the instance level. Focusing on re-
trieval, Zheng et al. (2025) propose legal RAG
benchmarks that highlight the reasoning required
to formulate retrieval queries, yet their tasks remain
limited to multiple-choice and binary questions and
are restricted to U.S. legal materials. Finally, while
Lee et al. (2025) and Chlapanis et al. (2024) move
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Korean Bar Exam

KCL-Essay Example:

Question:
Person A suffered damages totaling 9 million KRW due to an assault committed by his friend B around 01:00 …(omitted)... 
Subsequently, on April 1, 2022, A filed a lawsuit against B for damages …(omitted)... June 1, 2024, A, having changed his 
stance due to B’s attitude of slandering even A’s …(omitted)...

What judgment should the court render regarding A’s claim?
———————
Rubrics:
1.  "Whether it is clearly stated that the claim for damages arose on May 1, 2020, is subject to a 3-year statute of 
limitations, and the statute of limitations was completed on May 1, 2023."
…(omitted)...
6.     "Whether it is explained that judicial precedent generally holds that if the claimant seeks judgment only for a 
specified part and does not claim the remainder, the effect of interruption of the statute of limitations does not 
apply to the remainder.",
…(omitted)...
———————
SP1: …(omitted)..scope of limitation interruption …(omitted)..
SP2: …(omitted)..modify the claim on appeal…(omitted)...
…(omitted)...

KCL-MCQA: 283 Questions, 1,103 Supporting Precedents

KCL

KCL-MCQA Example:

Question: Which of the following statements regarding confiscation and forfeiture 
is incorrect?

A. If the charges are not recognized, and the court acknowledges unrelated 
criminal facts to order confiscation or forfeiture, it violates the principle of "no 
punishment without indictment".
B. ...(omitted)...
C. ...(omitted)...
D. ...(omitted)...
E. If Person A received 100 million KRW in connection with arranging an official 
act but used 30 million KRW to bribe a related public official as intended, only the 
remaining 70 million KRW may be confiscated or forfeited from Person A.

———————
Answer: E
———————
SP1: …(omitted)..partial detention days counted …(omitted)..
SP2: …(omitted)..bribery case, job relevance …(omitted)...
…(omitted)...

KCL-Essay: 169 Questions, 550 Supporting Precedents, 2,739 Instance-level Rubrics

Figure 1: An overview of the KCL benchmark and representative samples translated into English.

beyond simple classification, addressing provision-
grounded open-ended QA with fidelity-aware eval-
uation and legal argument continuation in ECHR
cases, respectively, their scope remains constrained:
the former focuses on statute-centric reasoning
without precedent-based analysis, and the latter
formulates legal reasoning as multiple-choice next-
statement prediction rather than fully grounded end-
to-end reasoning.

Going beyond prior benchmarks, our goal is to
enable the evaluation of reasoning capabilities in-
dependently of parameterized knowledge, thereby
providing more meaningful insights for LLM de-
velopment. To this end, we introduce the Korean
Canonical Legal Benchmark (KCL), a Korean Bar
Exam-based benchmark that provides question-
level supporting precedents. KCL further distin-
guishes itself in two ways: it enables the auto-
matic evaluation of open-ended generation with
rubric-based LLM-as-a-Judge, and it targets Ko-
rean, a low-resource language, thereby broadening
the scope of legal LLM evaluation beyond English-
centric contexts.

2 KCL Dataset Construction

KCL consists of two complementary benchmarks
derived from the Korean Bar Exam: KCL-MCQA,
a multiple-choice benchmark, and KCL-Essay, an
open-ended generation benchmark (Figure 1).

Motivation KCL is designed to evaluate mod-
els along two distinct dimensions. The first dimen-
sion, knowledge coverage, measures how much
legal knowledge a model has internally parameter-
ized, which can be assessed directly from question-
answer pairs. The second, evidence-grounded
reasoning, captures a model’s ability to apply rea-

soning when relevant legal knowledge is supplied
externally.

Disentangling these two axes is particularly dif-
ficult in law, where specialized, country-specific
expertise is required and high-quality data remains
scarce. To address this challenge, KCL pairs each
question with supporting precedents extracted
directly from expert solutions. These precedents
are not answer labels but question-aligned knowl-
edge that provides a foundation for reasoning.

Design KCL evaluates Large Language Mod-
els (LLMs) in two settings: a vanilla setting,
where models answer questions without extra re-
sources to reveal their knowledge coverage, and
a w/ supporting precedents setting, where
supporting precedents are provided to assess
evidence-grounded reasoning. Comparing the
two allows developers to diagnose and improve
knowledge acquisition and reasoning indepen-
dently, leading to more precise evaluation and
better-targeted model development.

2.1 KCL-MCQA

We constructed the multiple-choice set by curating
questions from the 2024 and 2025 Korean Bar Ex-
ams. All answer options in KCL-MCQA are taken
verbatim from the official Korean Bar Exam. A
prior study (Kim et al., 2024) reported that, even
under a RAG setting, using only publicly available
datasets of judicial precedents and statutes not di-
rectly connected to the task yielded only negligible
performance gains (Table 2 in (Kim et al., 2024)).
As a result, it was difficult to assess how models
would perform if provided with sufficient knowl-
edge prior to reasoning.

To address this, we first curated questions by
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filtering expert commentaries that cited at least
one precedent. We then retrieved the referenced
precedents for each question using a Korean le-
gal document search engine1, and defined them
as supporting precedents. The resulting bench-
mark, KCL-MCQA, consists of 283 five-choice
questions, with an average of 3.9 supporting
precedents per question, for a total of 1,103 prece-
dents (Table 1).

2.2 KCL-Essay

To examine LLMs on legal reasoning tasks, we
further focused on the case-based questions of the
Korean Bar Exam that correspond to the Multi-
state Essay Exam (MEE) of the U.S. Uniform Bar
Exam. They consist of open-ended generation ques-
tions that require candidates to identify legal issues,
apply statutes and precedents, and construct well-
reasoned conclusions (IRAC).

To build KCL-Essay, similar to KCL-MCQA, we
first collected case-based questions and their expert
commentaries from the past five years (2021-2025)
of the Korean Bar Exam. We then curated 169 ques-
tions for which a model’s answer would need to
reference at least one precedent. And we retrieved
supporting precedents again. On average, we
obtained 3.3 precedents per question, resulting in a
total of 550 precedents (Table 1).

Unlike KCL-MCQA, KCL-Essay is an open-
ended generation task, and we therefore adopted
an LLM-as-a-Judge approach for automated eval-
uation. Following prior studies (Fan et al., 2024;
Kim et al., 2025), we constructed instance-level
rubrics to provide finer-grained criteria tailored to
the context of each question.

To build the rubrics, we first drafted an initial
set for a representative problem in each subject
(civil, criminal, public) with assistance from a li-
censed Korean attorney. Using these initial rubrics
as a one-shot seed, we prompted Gemini 2.5 Flash
to generate rubric sets for all problems with the
question text and expert solution. Finally, three
licensed Korean attorneys reviewed the 744 gen-
erated rubrics, correcting 13 of them (2%). Given
this low error rate, we built a total of 2,739 rubrics
automatically.

In the original essay-type Korean Bar Exam,
each question is assigned points reflecting its dif-
ficulty. We preserved these weightings and evenly
distributed the total score across its rubrics, yield-

1LBOX, https://lbox.kr/v2

Dataset KCL-MCQA KCL-Essay

# Questions 283 169
Mean tokens per question 552 745
Mean # rubrics per question - 16.2

Mean # supporting precedents 3.9 3.3
Mean tokens per precedent 4,631 3,648
Max tokens per precedent 13,833 749,580

1 https://github.com/openai/tiktoken

Table 1: Statistics of KCL-MCQA and KCL-Essay.1

ing a total score of 2,905 points for the entire bench-
mark. We report model scores as percentages of the
total in the results below.

3 Experimental Setup

Inference We systematically evaluated 30+ mod-
els across the two components, KCL-MCQA and
KCL-Essay. Following Fan et al. (2025), we
categorized the models into four types: Large
Reasoning, Small Reasoning, Large General,
and Small General. For open-API models, since
detailed information was not disclosed, we clas-
sified them as either Small or Large according
to whether they were the smaller or larger variant
within the same release family. For open-weight
models, we use 32B parameters for dense models
and 120B for MoE models as thresholds to classify
them as Large or Small. Models trained to reason
in the verbal space were categorized as Reasoning
models. We used vLLM (Kwon et al., 2023) to
evaluate open-weight models, and the usage details
for open-API models are provided in Appendix C.
Beyond well-known models, we additionally eval-
uate LLMs developed in Korea, including HCX
SEED (Team, 2025), Kanana (Team et al., 2025b),
A.X (SKT-AI, 2025), and Exaone (Research et al.,
2025), along with multilingual-focused models
such as Aya Expanse (Dang et al., 2024)

Evaluation We evaluated KCL-Essay using
Gemini 2.5 Flash as the judge model. In prelimi-
nary comparisons (see Figure 2), larger judge mod-
els showed slightly higher correlations, but Gemini
2.5 Flash was selected for its favorable cost and
latency profile while retaining comparable agree-
ment with human experts. The use of instance-level
rubrics yielded a strong correlation between human
experts and LLM: ∼0.9 for questions with total
scores below 20 points (80% of questions), ∼0.7
for those above 20 points, and ∼0.8 overall (Pear-
son; Figure 2 in Appendix A.1). Assuming that the
original total scores from the bar exam reflect the
true difficulty of the questions, these results sug-
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KCL-MCQA

Type Model Name score (%, ↑)
vanilla → w/ supporting precedents

L
ar

ge
R

ea
so

ni
ng

Gemini 2.5 Pro 66.1±1.0 → 89.3±0.9

Claude Opus 4.1* 57.2±1.0 → 83.3±0.7

Claude Sonnet 4.5 54.9±0.7 → 85.2±1.3

GPT-5 53.9±1.1 → 84.2±0.2

Claude 3.7 Sonnet 50.4±1.0 → 82.0±0.3

o3 50.2±1.2 → 83.4±1.8

Claude Sonnet 4* 45.7±2.1 → 78.6±1.6

Qwen3 235B Thinking 41.5±1.3 → 76.9±1.4

DeepSeek-R1* 40.9±1.9 → 72.4±1.3

Average 51.2 → 81.7

Sm
al

lR
ea

so
ni

ng

Gemini 2.5 Flash 51.8±0.6 → 83.7±0.0

GPT-5 Mini 40.9±1.3 → 76.8±1.4

o4-mini 37.7±1.2 → 74.6±0.8

Exaone 4.0 32B 36.4±1.6 → 72.3±2.2

Qwen3 32B 35.0±3.2 → 65.4±1.3

HCX SEED Think 14B* 31.3±0.8 → 57.6±0.3

gpt-oss 120B 29.2±1.6 → 64.1±1.2

Average 37.5 → 70.6

L
ar

ge
G

en
er

al

A.X 4.0 49.1±0.5 → 71.3±0.4

GPT-4.1 47.9±1.0 → 72.0±0.4

Claude 3.5 Sonnet* 45.1±0.3 → 70.8±0.9

Llama 4 Maverick 43.3±0.4 → 72.3±1.0

GPT-4o 43.3±2.0 → 63.8±1.0

Qwen3 235B Instruct 40.9±1.3 → 74.2±0.8

Kimi K2 Instruct 39.5±1.2 → 71.6±1.4

DeepSeek-V3 37.3±0.7 → 69.3±0.3

Average 43.3 → 70.7

Sm
al

lG
en

er
al

Gemma 3 27B 35.1±0.3 → 53.6±0.4

GPT-4o-mini 29.9±1.5 → 46.4±0.9

GPT-4.1-mini 29.4±0.7 → 60.5±1.2

Kanana 1.5 8B 29.4±0.8 → 47.5±1.4

Aya Expanse 32B 28.4±0.2 → 42.3±0.4

Claude 3.5 Haiku* 28.0±1.3 → 54.5±1.4

Phi-4-mini 22.0±0.8 → 30.6±0.4

Average 28.9 → 47.9

Random 20

Table 2: Evaluation results on KCL-MCQA, averaged
over three independent runs. Precedents exceeding the
maximum context length were truncated (indicated by
*). "Average" denotes the average performance within
each group.

gest that while LLM-as-a-Judge with instance-level
rubrics is generally effective, caution is needed
when evaluating complex examples. Further details
are explained in the Appendix.

4 Analysis

4.1 The Impact of Legal Knowledge on
Problem Solving Performance

We evaluated various LLMs on the vanilla setting
first, where supporting precedents are not provided,
to examine differences in parameterized knowledge
across models.

As shown in Table 2, performance is strongly
associated with model size. The average perfor-
mance followed the order of Large Reasoning,
Large General, Small Reasoning, and Small
General. This accords with findings from prior
work that larger models tend to memorize more dur-
ing training (Tirumala et al., 2022). Among Large

KCL-Essay

Type Model Name score (%, ↑)
vanilla → w/ supporting precedents

L
ar

ge
R

ea
so

ni
ng

Gemini 2.5 Pro 60.5±0.5 → 74.9±0.5

GPT-5 57.5±1.3 → 72.8±0.3

o3 51.2±0.6 → 69.4±0.8

Claude Sonnet 4.5 47.6±1.5 → 68.5±0.4

Claude Opus 4.1* 45.5±0.2 → 60.3±0.5

Claude 3.7 Sonnet 43.6±0.7 → 63.6±0.8

Qwen3 235B Thinking 39.2±1.1 → 63.9±0.1

Claude Sonnet 4* 35.5±1.2 → 54.9±0.2

DeepSeek-R1* 35.0±0.5 → 53.1±0.2

Average 46.2 → 64.6

Sm
al

lR
ea

so
ni

ng

Gemini 2.5 Flash 53.7±1.1 → 71.1±0.1

GPT-5 Mini 40.3±0.5 → 65.5±0.5

Exaone 4.0 32B 32.6±0.4 → 47.5±1.1

gpt-oss 120B 31.6±0.5 → 56.0±0.3

o4-mini 31.3±0.9 → 54.5±0.3

Qwen3 32B 29.2±0.3 → 55.4±1.2

HCX SEED Think 14B* 26.2±0.2 → 42.8±0.7

Average 35.0 → 56.1

L
ar

ge
G

en
er

al

GPT-4.1 42.4±0.8 → 65.1±0.6

Qwen3 235B Instruct 38.9±0.9 → 63.0±0.5

A.X 4.0 34.7±0.6 → 52.4±0.9

DeepSeek-V3 34.3±0.6 → 57.6±1.5

Claude 3.5 Sonnet* 33.7±0.3 → 50.3±0.7

Kimi K2 Instruct 33.3±0.3 → 55.7±0.6

Llama 4 Maverick 25.6±0.3 → 44.3±0.8

GPT-4o 24.3±0.4 → 42.0±0.1

Average 33.4 → 53.8

Sm
al

lG
en

er
al

GPT-4.1-mini 30.9±0.7 → 56.1±1.0

Gemma 3 27B 23.6±0.4 → 44.0±0.5

Kanana 1.5 8B 21.8±0.8 → 49.1±0.4

Claude 3.5 Haiku* 21.2±0.6 → 39.9±0.1

Aya Expanse 32B 20.2±0.3 → 37.2±0.1

GPT-4o-mini 16.1±0.3 → 32.6±0.4

Phi-4-mini 6.0±0.3 → 18.9±0.1

Average 20.0 → 39.7

Table 3: Evaluation results on KCL-Essay. The experi-
mental settings are identical to those in Table 2.

Reasoning models, Gemini 2.5 Pro performs high-
est overall, followed by Claude and GPT-5 effec-
tively showing their parameterized legal knowledge
in a low-resource language such as Korean.

Next, in the w/ supporting precedents set-
ting, where corresponding precedents were pro-
vided as in-context input, scores increased sub-
stantially compared to the vanilla setting across
all models. Interestingly, the average performance
gap between the Large General and Small
Reasoning types narrows to just 0.1%p. This sug-
gests that while Small Reasoning models have
lower knowledge coverage than Large General
models, they may nevertheless demonstrate supe-
rior evidence-grounded reasoning. Also note
that many models surpass the human passing
threshold (68.7% (Seo, 2025)) underscoring that
high-quality legal data remains scarce.

4.2 On the Importance of Reasoning for
KCL-Essay

Unlike KCL-MCQA, in KCL-Essay, the model ex-
hibits average performance in the order of Large
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Reasoning, Small Reasoning, Large General,
and Small General in both vanilla and w/
supporting precedents settings. Furthermore,
GPT-5 and o3 outperform the Claude model fam-
ily across all settings. These results suggest that
KCL-Essay requires deeper reasoning ability.

Nevertheless, even in the w/ supporting
precedents setting, the absolute scores remained
relatively low, unlike in KCL-MCQA. Even the
best-performing model, Gemini 2.5 Pro, still exhib-
ited a remaining gap of about 25%p, underscoring
the need for further advances in legal reasoning.

4.3 On the Performance of Open-Weight
Models in KCL

We analyze the performance of open-weight mod-
els. As shown in Table 2, for KCL-MCQA, it
is noteworthy that in the Large Reasoning and
Small Reasoning types, the best-performing mod-
els across all settings were open-API models.
By contrast, in the Large General and Small
General types, the best models in the vanilla
setting were the open-weight models A.X 4.0 (SKT-
AI, 2025) and Gemma 3 27B (Team et al., 2025a),
respectively, although they fell behind open-API
models in the w/ supporting precedents
setting. This suggests that open-weight models
may achieve competitive performance in terms of
knowledge coverage within certain vertical do-
mains, while still showing limitations in deeper
reasoning.

For KCL-Essay, as shown in Table 3, the top-
performing model in every type was consistently
an open-API model. Although open-weight LRMs
have demonstrated strength in STEM and code-
related benchmarks (Guo et al., 2025), they con-
tinue to face clear challenges in specialized do-
mains requiring expert-level reasoning, where API-
based models hold a substantial advantage. These
results highlight the value of KCL as a reliable
reference for advancing the open-weight model
ecosystem.

4.4 Effects of Language Specialization
Given that our benchmark data is based on Ko-
rean, a low-resource language, we also conducted a
closer analysis of models specialized in Korean. In
KCL-MCQA, as shown in Table 2, HCX SEED
Think 14B achieved higher performance in the
vanilla setting than the recent open-weight LLM
gpt-oss 120B. Similarly, as noted in Section 4.3,
A.X 4.0 surpassed all other open-API and open-

weight models in the Large General type. How-
ever, both models exhibited limited improvement
in the w/ supporting precedents setting and
were eventually outperformed by other models.

In KCL-Essay, interestingly, Exaone 4.0 32B
and A.X 4.0, both trained specifically for Ko-
rean, even outperformed gpt-oss 120B and Kimi
K2 Instruct in the vanilla setting, but underper-
formed relative to them in the w/ supporting
precedents setting. Although these models ben-
efit from Korean-specific knowledge in terms of
knowledge coverage, their reasoning ability still
lags behind, underscoring the need for further ad-
vances in reasoning-focused training.

In contrast to KCL-MCQA, in KCL-Essay the
HCX SEED Think 14B (Team, 2025), despite
being specifically trained for Korean, recorded
the lowest score among models in the Small
Reasoning category across all settings. This sup-
ports our earlier finding in Section 4.2 that KCL-
Essay places a stronger emphasis on expert-level
reasoning rather than knowledge coverage alone.

Taken together, this analysis underscores the im-
portance of KCL as a benchmark in the broader
context of developing national AI strategies.

5 Conclusion

We propose KCL for knowledge-independent legal
reasoning: KCL-MCQA, with 283 questions and
1,103 aligned precedents, and KCL-Essay, with 169
problems, 550 precedents, and 2,739 rubrics. With
supporting precedents, many frontier LRMs
surpass 80% on KCL-MCQA; without them, er-
rors largely reflect missing knowledge. KCL-Essay
remains difficult: the best score is 74.9% even
with precedents. KCL’s supporting precedents
and instance-level rubrics enable controlled, repro-
ducible evaluation. Overall, KCL is designed to
foster models that reason, rather than merely recall
knowledge, by disentangling evidence-grounded
reasoning from parameterized knowledge when
evaluating model capabilities.

Limitation

KCL focuses exclusively on Korean legal tasks,
limiting direct applicability to other legal sys-
tems and languages. For KCL-Essay, we rely
on LLM-as-a-Judge (Gemini 2.5 Flash) for auto-
mated scoring, which, despite validated correla-
tion with human expert evaluations, may not cap-
ture all nuances of legal reasoning quality. The w/
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supporting precedents setting assumes perfect
knowledge retrieval and does not fully isolate the
retrieval-reasoning hybrid challenge of identifying
which parts of provided precedents are relevant. Fu-
ture work on KCL-Essay could benefit from align-
ing the evaluation rubric with the IRAC framework,
which would allow disentangling and assessing rea-
soning at each stage more explicitly.

Another limitation is that our benchmark eval-
uates model performance on questions that are
already annotated with correct precedents in ex-
pert solutions. In real-world deployments, legal
AI systems are typically implemented as retrieval-
augmented generation (RAG) pipelines. Because
our study does not model an end-to-end pipeline
that performs retrieval and reasoning jointly, we do
not account for noise, omissions, or misranking in-
troduced during retrieval. Nevertheless, the bench-
mark explicitly provides question-aligned prece-
dents, which enables an additional and complemen-
tary use case: the annotated precedents serve as
gold references, allowing retrieval components to
be evaluated.
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A Evaluation

A.1 Reliability of the LLM-as-a-Judge in
KCL-Essay

As a preliminary consistency check, we first scored
the expert solution against the finalized rubrics.
When evaluating the expert solution as the ground
truth against the finalized rubric set, we obtained
a mean score of 99.2±0.1% over three independent
runs, confirming near-perfect alignment between
the rubric and the ground truth answers.

To further assess reliability, we compared the
evaluation results of Gemini with those of hu-
man experts. We randomly sampled 641 question-
prediction-rubric triplets, corresponding to 41
question-model pairs from the full results in Ta-
ble 3. Two independent groups of three licensed
Korean attorneys each scored all samples indepen-
dently. As shown in Figure 2, we obtained an over-
all Pearson correlation of about 0.8 (top of the
Figure 2) between Gemini 2.5 Flash and human
evaluators.

We further clustered the questions into two
groups according to their original bar exam scores,
which reflect difficulty levels. First, to determine
the cutoff for the top 20%, we examined the score
distribution of whole KCL-Essay questions, and
found that a score of 20 served as the threshold
(Fig. 3 in Appendix). Using this threshold, we clas-
sified the 41 question-model pairs with human eval-
uations into two categories: those with scores up
to 20 were labeled as Easy, and those above 20 as
Hard. A clear difference emerged: for easier ques-
tions (bottom 80%), both the inter-human correla-
tions 0.93 and the human-LLM correlations (0.88)
were high. For more difficult questions, however,
the correlations dropped substantially: the Gemini-
human Pearson correlation was around 0.7, while
the inter-human correlation also decreased to about
0.96. These findings suggest that for harder ques-
tions, the use of LLM-as-a-Judge requires more
careful consideration.

B LICENSE

B.1 Model

GPT-5, GPT-5 Mini (OpenAI, 2024a) and GPT
4.1 (OpenAI, 2025a), o3 (OpenAI, 2025b), GPT-
4o and GPT-4o-mini (OpenAI et al., 2024) were
used in compliance with the OpenAI Terms of
Use (OpenAI, 2024b). Gemini 2.5 Pro (DeepMind,
2025b), Gemini 2.5 Flash (DeepMind, 2025a) were

Figure 2: Pearson correlation heatmaps between LLMs
and human expert evaluators. Whole Score represents
the correlation over all question-prediction pairs derived
from 641 triplets, while Low Score corresponds to the
correlation for easy questions (bottom 80%), and High
Score corresponds to the correlation for difficult ques-
tions (top 20%).

used in compliance with the Google APIs Terms of
Service (Google, 2025b). Claude Opus 4.1 (An-
thropic, 2025b), Claude Sonnet 4.5 (Anthropic,
2025d), Claude Sonnet 4 (Anthropic, 2025c),

240



Claude 3.7 Sonnet (Anthropic, 2025a) were used
in compliance with the Anthropic on Bedrock -
Commercial Terms of Service (Anthropic, 2023).
DeepSeek-V3 (DeepSeek-AI et al., 2025) is avail-
able under DEEPSEEK LICENSE (DeepSeek,
2023). DeepSeek-R1 (Guo et al., 2025) and Phi-
4-mini (Abdin et al., 2024) are available under
MIT License. Qwen3 235B Thinking, Qwen3
235B, Qwen3 32B Instruct (Yang et al., 2025),
gpt-oss 120B (OpenAI et al., 2025), and Kanana
1.5 8B (Team et al., 2025b) are available under
Apache License Version 2.0. Exaone 4.0 32B (Re-
search et al., 2025) is available under EXAONE AI
Model License Agreement 1.2 - NC. A.X 4.0 (SKT-
AI, 2025) is under Qwen LICENSE. Kimi K2 In-
struct (Team et al., 2025c) is available under Mod-
ified MIT LICENSE (AI, 2025). Llama 4 Maver-
ick (Meta, 2025b) is available under LLAMA 4
COMMUNITY LICENSE (Meta, 2025a). Gemma
3 27B (Team et al., 2025a) is available under the
Gemma Terms of Use (Google, 2025a) HCX SEED
Think 14B (Team, 2025) is available under the Hy-
perCLOVA X SEED 14B Think Model License
Agreement (Corporation and Corporation, 2025).
Aya Expanse 32B (Dang et al., 2024) is available
under the Creative Commons Attribution 4.0 Li-
cense (CC BY 4.0).

We used the models in accordance with their
respective licenses.

B.2 Data

The Korean Bar Exam is produced by the Min-
istry of Justice of Korea and distributed under
Type 1 of the Korean Open Government License
(KOGL), which permits both commercial and non-
commercial use provided that the source is credited.
Court judgments in Korea are classified as works
not subject to copyright protection under Article
7(3) of the Korean Copyright Act and are therefore
freely available for use.

B.3 KCL

We release our KCL data and evaluation code under
the CC BY-NC 4.0 license.

C Details of Model Usage

In this section, we clarify the versions and config-
urations of the models referenced in the main text.
When using Gemini 2.5 Pro and Gemini 2.5 Flash,
we utilized Vertex AI’s gemini-2.5-pro and gemini-
2.5-flash, respectively, with dynamic thinking en-

abled. The same configuration was used when em-
ploying Gemini 2.5 Flash as an LLM-as-a-Judge.
The GPT-5 mentioned in the main text refers to gpt-
5-2025-08-07, GPT-5 Mini refers to gpt-5-mini-
2025-08-07, o4-mini refers to o4-mini-2025-04-16,
and o3 refers to o3-2025-04-16, GPT-4o refers to
gpt-4o-2024-08-06, all accessed through the Ope-
nAI API, with reasoning effort set to medium.
GPT-4.1 and GPT-4.1-mini were also accessed
through the OpenAI API, specifically gpt-4.1-2025-
04-14 and gpt-4.1-mini-2025-04-14, respectively.
Claude Opus 4.1, Claude Sonnet 4.5, Claude Son-
net 4, and Claude 3.7 Sonnet were accessed via
Amazon Bedrock using us.anthropic.claude-opus-
4-1-20250805-v1:0, us.anthropic.claude-sonnet-
4-5-20250929-v1:0, us.anthropic.claude-sonnet-
4-20250514-v1:0, and us.anthropic.claude-3-7-
sonnet-20250219-v1:0, us.anthropic.claude-3-5-
sonnet-20240620-v1:0, us.anthropic.claude-3-5-
haiku-20241022-v1:0 respectively, with the think-
ing budget set to 8k when using reasoning mode.
DeepSeek-R1 and Llama 4 Maverick were also ac-
cessed via Amazon Bedrock using us.deepseek.r1-
v1:0 and us.meta.llama4-maverick-17b-instruct-
v1:0, respectively. All other open-weight models
were run using vLLM, and GPU usage amounted
to approximately 100 H100 hours in total on the
cloud.

D Labeling Detail

D.1 Rubric Extraction Prompt

Table 4 shows the prompt used for rubric extrac-
tion in English (translated). We utilized Gemini 2.5
Flash to extract the rubrics, and expert review was
completed as described in the main text.

D.2 Annotator Instructions

We collaborated with licensed attorneys using
Google Sheets, and provided separate instructions
for rubric review and model output evaluation, as
depicted in Table 5 and Table 6 in English (trans-
lated).

D.3 Annotator Cost

In this section, we discuss the cost associated with
expert labeling used in the construction of our
benchmark. We engaged licensed Korean lawyers
under consulting contracts to conduct rubric re-
views and output evaluations. A total of six attor-
neys participated, and they were compensated at a
rate of more than $200 per hour.
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E Additional Stats on KCL

Figure 3: Histogram of score distribution across all 169
questions in KCL-Essay. The cutoff for the top 20% is
observed at a score of 20.

As shown in Figure 3, the distribution of ques-
tion scores in KCL-Essay is highly skewed, with
most questions concentrated below a score of 20.
To distinguish between relatively easy and more
challenging questions in our correlation analysis,
we set the top 20% of questions by score (cutoff
20) as the hard subset. This stratification provides
a principled way to examine whether the reliability
of LLM-as-a-Judge differs depending on question
difficulty, rather than relying on an arbitrary thresh-
old.

Rubric Extract Prompt

Please create [rubrics] for grading the
[submitted answer sheet] based on the
given [model answer] from the Korean
Bar Exam commentary.
The generated [rubrics] must allow
checking the following points in the
[submitted answer sheet]: 1. Whether
all key issues are addressed (Issue). 2.
Whether the relevant legal principles,
major statutes, or conclusions from key
precedents are cited (Rule). 3. Whether
the legal principles, statutes, and
major precedents are properly applied
to the given case (Application) and
explained logically. 4. Whether the
same conclusion (Conclusion) as in the
[model answer] is reached.
Please avoid creating grading
criteria that only check for formal
compliance without substantive
content. - **Bad rubric example**:
...(omitted)... - **Good rubric
example**: ...(omitted)...
Also, when citing key precedents,
do not include the exact case
number in the rubric. However, it
is important to require mentioning
the relevant content. - **Bad rubric
example**: ...(omitted)... - **Good
rubric example**: ...(omitted)...
Please refer to the following
transformation example when writing:
[Example Question]: ...(omitted)...
[Example Rubric]: ...(omitted)...
[Question]: ...(omitted)... [GT
Answer]: ...(omitted)...

Table 4: Rubric Extraction Prompt
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Rubric Evaluation Instruction

Based on the review sheet, please
evaluate the appropriateness of the
evaluation rubric generated by AI,
propose additional rubric if necessary,
and provide an overall opinion on
their quality. 1. Assessment of
Individual Evaluation Criteria (O/X)
- The sheet [XX Evaluation Criteria
Review] contains, for each question
from the Korean Bar Exam case questions
(Public Law, Criminal Law, Civil Law),
the following: “Question Number,”
“Question,” “Model Answer (citing Union
and Rainbow textbooks),” “Referenced
Cases (cases cited in the model
answer),” and the evaluation criteria
generated by AI. - Please determine
whether each evaluation rubric is
concrete and clear. If so, mark with
an **O**; if not, provide a reason. If
the criterion itself is inappropriate,
also provide the reason.
2. Proposal of Additional Evaluation
Rubric - While reviewing the evaluation
criteria in the “Evaluation Criteria
Review” sheet, please check if any
important issues are missing for each
question. If something is missing,
please add it in the “Additional
Evaluation Criteria” column.
3. Overall Opinion on the Quality
of Evaluation Criteria - In the
“Overall Opinion” sheet, please provide
a general qualitative assessment of how
good the evaluation criteria generated
by judge AI are. A qualitative review is
required rather than numerical scoring.

Table 5: Rubric Evaluation Instruction

Model Output Evaluation Instruction

Each sheet contains the following
columns: question (the exam problem),
pred (the AI’s answer), and rubric
(the evaluation criteria). The problems
are drawn from actual Korean bar exam
case questions. The AI answers are
provided by various models (both strong
and weak). The Rubric is designed to
resemble an official scoring guideline.
The evaluator’s task is to read the
problem and the AI’s answer, then
decide whether the AI’s answer meets the
Rubric. The evaluation should be binary
(0 = does not satisfy, 1 = satisfies).
The Google Sheet contains two identical
sheets. Each sheet must be completed by
a different attorney. In other words, an
attorney who evaluates Sheet 1 should
not participate in evaluating Sheet 2.

Table 6: Model Output Evaluation Instruction
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