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Abstract

Despite rapid advances in large language mod-
els (LLMs), achieving reliable performance
on highly professional and structured exami-
nations remains a significant challenge. The
Japanese bar examination is a particularly de-
manding benchmark, requiring not only ad-
vanced legal reasoning but also strict adherence
to complex answer formats that involve joint
evaluation of multiple propositions. While re-
cent studies have reported improvements by
decomposing such questions into simpler true—
false judgments, these approaches have not
been systematically evaluated under the origi-
nal exam format and scoring scheme, leaving
open the question of whether they truly cap-
ture exam-level competence. In this paper, we
present a self-verification model trained on a
newly constructed dataset that faithfully repli-
cates the authentic format and evaluation scale
of the exam. Our model is able to exceed the
official passing score when evaluated on the
actual exam scale, marking the first demonstra-
tion, to our knowledge, of an LLM passing
the Japanese bar examination without altering
its original question structure or scoring rules.
We further conduct extensive comparisons with
alternative strategies, including multi-agent in-
ference and decomposition-based supervision,
and find that these methods fail to achieve com-
parable performance. Our results highlight the
importance of format-faithful supervision and
consistency verification, and suggest that care-
fully designed single-model approaches can
outperform more complex systems in high-
stakes professional reasoning tasks. Our dataset
and codes are publicly available.!

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across a wide range of nat-
ural language processing tasks, including question

'To be available upon publication.

answering (Yue, 2025; Lehmann et al., 2024), sum-
marization (Liu et al., 2023), and even domain-
specific reasoning in areas such as mathematics
(Shao et al., 2024; Yang et al., 2024) and program-
ming (Jiang et al., 2024; El-Kishky et al., 2025).
Nevertheless, their performance in highly profes-
sional domains, particularly law, remains uneven.
Legal reasoning often requires precise interpreta-
tion of statutes, careful evaluation of multiple in-
teracting conditions, and strict adherence to task-
specific output formats, posing challenges that go
beyond surface-level linguistic competence.

The Japanese bar examination (] /iR E#) rep-
resents one of the most demanding legal bench-
marks in this regard. In addition to its substantive
difficulty, its multiple choice exam FE\) is
characterized by a distinctive question format in
which examinees must jointly evaluate multiple
statements and select correct combinations under
rigid answer constraints. Errors in even a single
constituent can invalidate an otherwise plausible
answer. As we show later in this paper, base LLMs
perform poorly under this evaluation regime, high-
lighting a substantial gap between general language
understanding and exam-level legal competence.

Recent work has sought to improve LLM per-
formance on the Japanese bar examination through
dataset construction and task reformulation. No-
tably, the Japanese Bar Exam Question Answering
(JBE-QA) dataset (Cao et al., 2025) decomposes
complex exam questions into collections of inde-
pendent true—false judgments, thereby simplify-
ing the learning problem and enabling more sta-
ble training. While such decomposition-based ap-
proaches have demonstrated promising results on
their own benchmarks, they fundamentally alter
the structure of the original exam and do not di-
rectly address whether models trained in this man-
ner can succeed when confronted with authentic
exam questions and scoring criteria.

In this work, rather than modifying the task to



suit the model, we develop a consistency-verifying
fine-tuning strategy in which the model is trained to
generate an answer and subsequently verify its own
prediction in the context of the original question.
We also design a dataset that preserves the original
exam format. This answer-conditioned verification
step leverages the model’s strength as an evalua-
tor of candidate solutions and leads to substantial
performance gains without increasing model size
or relying on external tools. We also investigate
more complex inference strategies, including multi-
agent architectures, but find that they do not yield
improvements under realistic exam conditions.

Through experiments on the Japanese bar exam-
ination, we demonstrate that a single fine-tuned
model with self-verification trained on a format-
faithful dataset can surpass the official passing
threshold on the actual exam scale. Specifically,
our model obtains the score of 96 from 2024
Japanese bar exam whose passing score is 93.
These results suggest that careful alignment be-
tween supervision format and evaluation criteria is
crucial for advancing LLM performance in high-
stakes professional domains.

2 Related Work

Numerous benchmarks have been proposed to eval-
uate LLMs on legal reasoning tasks. In the United
States, prior work has shown that GPT-4 achieves
passing-level performance on simulated bar exam-
inations (Katz et al., 2024), substantially outper-
forming earlier models. Other studies have ex-
amined legal reasoning across jurisdictions using
datasets such as LegalBench (Guha et al., 2023),
LawBench (Fei et al., 2023), and national exam-
derived corpora in China (Li et al., 2024), Korea
(Kimyeeun et al., 2024), and Europe (Chlapanis
et al., 2024). These benchmarks cover a wide
range of tasks, including multiple-choice question
answering, statute interpretation, case outcome pre-
diction, and legal text entailment. While these ef-
forts demonstrate that modern LLMs can perform
competitively on legal tasks, many rely on task
reformulation, simplified supervision, or indirect
evaluation metrics.

Evaluating language models on the Japanese bar
examination has recently attracted increasing atten-
tion as a challenging benchmark for legal reasoning
in Japanese. The examination covers multiple le-
gal domains, including constitutional law, civil law,
and criminal law, and is characterized by questions

that require joint evaluation of multiple proposi-
tions under strict answer-format constraints. Earlier
Japanese legal NLP resources, such as the COLIEE
shared tasks (Thanh et al., 2020, 2021), primarily
focused on civil law and emphasized subtasks like
information retrieval or textual entailment, rather
than full exam-style question answering. More re-
cent efforts (Nguyen et al., 2025) have attempted
to construct datasets directly derived from the bar
examination, highlighting both the difficulty of the
content and the importance of handling the exam’s
unique structure. The most notable recent bench-
mark is the Japanese Bar Exam Question Answer-
ing (JBE-QA) dataset (Cao et al., 2025), which
reformulates past bar exam questions into collec-
tions of independent true/false statements. Each
original question is decomposed into multiple bi-
nary judgments, allowing models to be trained and
evaluated on simplified supervision signals. Using
this formulation, JBE-QA evaluates a wide range
of proprietary and open-source LLMs under zero-
shot and few-shot settings, and reports substantial
performance gains for state-of-the-art models, par-
ticularly when chain-of-thought prompting is en-
abled. While this decomposition strategy stabilizes
learning and evaluation, it fundamentally alters the
structure of the original exam. As a result, it re-
mains unclear whether models trained under this
paradigm can succeed when confronted with intact
exam questions that require reasoning over multiple
interacting propositions and adherence to the origi-
nal scoring rules. Our work directly addresses this
gap by evaluating models on the authentic exam
format and scale.

Recent work has explored multi-agent architec-
tures for legal reasoning (Zhang and Ashley, 2025;
Sun et al., 2024), in which multiple LLM agents
collaborate or debate to produce a final answer.
Such approaches have been applied to tasks like
legal argument generation and multi-step legal anal-
ysis, often improving factual coverage or inter-
pretability. However, these systems introduce ad-
ditional complexity and inference cost, and their
effectiveness under strict exam-style evaluation re-
mains underexplored. On the other hand, consis-
tency verification (Patwardhan et al., 2024) and
reflection-based methods (Renze and Guven, 2024)
have been proposed as general techniques to im-
prove LLM reliability. These approaches encour-
age a model to evaluate or critique its own output,
leveraging the observation that LLMs are often
stronger evaluators than generators.



Table 1: Comparison between our dataset, and the JBE-QA dataset. While JBE-QA decomposes a single exam
question into multiple independent true/false items, our dataset preserves the original joint decision structure.
Despite having substantially fewer questions, fine-tuning on our dataset yields significantly higher performance on

the actual exam.

Dataset

Question

Answer

#Questions

JBE-QA

BER S 1 ROED B EETHO RFEIL. ERICIIETHRICHT 230 TH B0 (THTHICD
KA T REEENH Y . OB EICITBANOMFAICEICEoE . AR Fifllok
2.2 0% 0% 5. (Article 31 always requires prior notice and defense opportunity in administrative

False

rocedures.)
%ﬁ% 35 FRIE. G FRROMFRICOWT., RA. BEROHINZZT 5 2 Lo T WiEi %=

FUEL TV, CoREDRIENRICIE. FF. FFRCIFHICET AN HRIcRASIN
52D WERE EN S, (Article 35 protects private domains equivalent to residences, papers, and
effects.)

True

FFE S SFF LTI, HOrAF LORMTZMONE BT NOH B FIHIC OV L = A S 1L
TWIEZMRETZL0OTHY . KEokd . Zhic k> THEWHE Lofifzllbns 5%
s Zehs ., JHAlE L TRREA RS, (Article 38(1) generally protects refusal to state one’s name.)

False

2,770

Ours
(identical
format

as the
original
exam)

MEF EORICHT 2 KO TH 57 ETHOELERIC OV T sl O RO FICHS L
T ZNZTNELWHEICE L 72, #Ho QW AEGICIE 2 ZHUL 3\,

T REEE 3 1 ROED B EEFRO MR, EEICIETRICET 230 THS b {THT R
IS e R LT REBEH ) . T OB EIITEUOMFAICEICFHOER. A, Filo
ez b2 209 % 5.

1. BEH ISR, FHFE. FHROMFERICOWT, RA. HMERUITINZZT 5 2 itk
MzfEL Twdh CoRESREGICIE. FfE. FRROATHICET 2 B RIC @A S
nNsZeniuWiEflr&EEh s,

L EER3 SEF LI, HErME LoREZMbN S BT NS 5 HHIC >V TR Z 5T
INEVWIEERBETEL0OTHY . REGOHRD . Chick-> THDHHE LoETEMbNS
Bxhds 2 ens, JHH S L TR RS,

(Regarding the following statements (A) through (C) concerning rights in criminal procedure, select 1 if the
statement is correct in light of Supreme Court precedents, and select 2 if it is incorrect.

(A) Article 31 may extend to administrative procedures and always requires prior notice and opportunity to defend.
(B) Atrticle 35 protects not only residences, papers, and effects but also equivalent private domains.

(C) Article 38(1) protects against compelled self-incrimination, and this protection generally applies to stating

2,1,2
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one’s name.)

3 Method

3.1 Dataset Construction

We collect actual exam questions spanning 6 years
(2019-2024) from the Japanese Ministry of Justice,
where we separate 2024 (Reiwa 6 or R6) as the test
set. We construct a dataset that faithfully replicates
the format and evaluation criteria of the Japanese
bar examination. Unlike prior work that decom-
poses questions into independent true/false state-
ments, each instance in our dataset corresponds to a
complete exam question, including all constituent
statements and the original answer choices. An-
swers are represented exactly as required in the
exam, such as concatenated numeric labels indi-
cating the correctness of each statement or indices
corresponding to valid combinations.

Each question is annotated with its subject cate-
gory (constitutional law(727%), civil law(JX %), or
criminal law(Jfi]i%)), year of administration, and
the points rewarded. This allows evaluation not
only in terms of accuracy but also in terms of the
official point-based scoring scheme used in the
exam. We split the dataset by year, using earlier
years (2019-2023, R1-R5) for training and reserv-
ing 2024 (R6) exam for evaluation, mirroring real-
istic exam preparation, where the examinees rely
on the past exams for reference.

Unlike decomposed formulations that reduce

each statement to an independent true/false query,
correctness in the actual exam depends on the joint
evaluation of all statements. For example, an an-
swer may require selecting a single option corre-
sponding to a specific combination of statement
truth values, or outputting a concatenated sequence
of digits (e.g., “112”) aligned with multiple state-
ments. An answer is considered incorrect if either
the semantic judgment or the required format is
violated. Table 1 contrasts the format of our dataset
with that of JBE-QA.

3.2 Self-Verification

Fine-Tuning: Our approach combines super-
vised fine-tuning with answer-conditioned self-
verification. During training, the model is fine-
tuned to generate the correct exam-style answer
given the full question, without decomposing
the question into simpler subproblems. Given
a question g; consisting of a set of statements
{si1, Si2y- -, Sin} and a set of valid answer for-
mats defined by the Japanese bar examination, the
model is required to produce a single answer a; that
satisfies both semantic correctness and strict for-
matting constraints, where a; may contain multiple
integers as in the original exam.
Self-Verification: At inference time, we intro-
duce a verification step in which the model re-
evaluates its own predicted answer in the context of



Exam Question
(Original Format)

For each statement, select 1 if
it is correct and 2 otherwise.
T
1....

...

Initial Answer
"2

Self-Verification
“The second answer is incor-
rect, so modify it to 122.”

Final Answer
"22"

Shared model parameters

Figure 1: An overview of our method of self-verification with a shared model under the original exam format.

the original question. Importantly, this verification
is performed by the same fine-tuned model, but
under a different prompt that induces verification-
oriented behavior.

Formally, let fy(q) denote the model’s initial
prediction for question q. We then define a ver-
ification function gy(q, fo(q)), which produces a
revised answer by assessing the consistency be-
tween the question and the initially predicted an-
swer. The final output is given by a = go(q, fo(q)).
Although fy and gy share the same parameters,
they are instantiated with distinct prompts, where
one encouraging answer generation and the other
encouraging conservative correction. This proce-
dure incurs only a single additional forward pass
at inference time, while substantially improving
robustness against formatting errors and local rea-
soning mistakes. Figure 1 describes the overall
workflow of our approach.

Prompt Design: Table 2 summarizes the
prompts used in our system. Answer format in-
struction prompts have been calibrated to enforce
the strict formatting required, which eradicates the
necessity for normalization schemes to account for
various output formats that frequently occur when
bar exam questions are asked. The verification
prompt explicitly instructs the model to preserve
the original answer unless a clear inconsistency
is detected, which we find crucial for preventing
unnecessary corrections.

4 Experiments

4.1 Experimental Setting

We evaluate our method on the Japanese bar exam-
ination questions from Reiwa 6 (R6), using ques-
tions from earlier years (R1-R5) exclusively for
fine-tuning. We use GPT-4.1 (OpenAl, 2025) as
our base model, and examine both zero-shot and
few-shot setting. For few-shot setting, we chose 5
sample demonstrations from the training set. We
also fine-tune separate GPT-4.1 models, with our
dataset and with JBE-QA respectively. In order to

examine the effect of self-verification, we report
the results obtained both with and without self-
verification. The same exact prompts were used
for all models. For each variant of the models, the
experiments were repeated for 3 times.

We report exact-match accuracy as well as the
official examination point score, which awards par-
tial credit according to the exam’s grading rules.
Partial credit scheme works as following; when 3 or
more questions are grouped together with n points,
getting one question wrong results in n — 2 points,
whereas getting two or more questions wrong result
in 0 point. For example, if 5 questions are grouped
together with 4 points, getting 4 questions correct
yields 2 points, but getting 3 questions correct re-
sults in O point, despite the accuracy being over
50%.

The exam consists of 50 points for constitutional
law, 75 points for civil law, and 50 points for crim-
inal law, adding up to 175 maximum points. In
case of Reiwa 6 (R6) exam held in 2024, the actual
passing score was 93. There is also an additional
requirement that at least 40% of the points should
be achieved in each law section.

4.2 Results & Analysis

Table 3 summarizes the results from the models
examined.

Base models: Base model with zero-shot set-
ting performs poorly, clearly suggesting that the
legal knowledge on which the model has been pre-
trained is insufficient for a reasonable performance
on exam-level tasks. Few-shot setting hardly boosts
the performance over zero-shot. While it is ex-
pected that providing a few samples would not sig-
nificantly improve the legal knowledge, it also does
not particularly seem to have helped in guiding
exam-specific format. A clear performance boost
is made by performing self-verification on base
model. In fact, as we shall see, self-verification
invariably boosts the performance regardless of
model choice, demonstrating it is an efficient



Table 2: Prompts used for system role, answer format, and self-verification.

Purpose Japanese Prompt English Translation

System Role Hu IR el EAME T 2 ETH D, You are a test taker solving the Japanese bar examination.

Answer Format [EERDKT] VT | &20i] &l /J¢ X, HE - [Strict answer format] Output only the answer. Do not include
S BT G B N2 any reasons, explanations, or symbols. 1) When the choices
D) EREPESTH2oNTWaEE (il ©1. 70 {0 are given as numbered options (Example: 1. AOBQOCO, 2.
M0, 2. 7O 10 7X...) — [ELWiEREoH T AH 7]  AOBOCX ...) — Output only the number of the correct op-

(fil = 2) tion (Example: 2) 2) When each statement (A, B, C, ...) requires

2) FECHk (7 - A - ) 12OV /2% E 2 AP an answer of 1 or 2 — Output only the sequence of numbers (Ex-
G- BFEioati g (il :112) ample: 112) Prohibited:
Bk - 00X
- 00X -AOBOCx
-70 107X -Al Bl C2
-T71 A1 ™2 - Any explanatory text
- AT

Verification PUIIFEAMO TR T kAT 5 &ETH 5. DIT You are responsible for the final review of a law exam answer.

o [[HE] & [h-offE] ZHS L ELE. ERKE
SEEIEO & L TROIE L WIREIREZ 2721
W k.

- [HEESCORMFICIAS L THS I > TWW B D A%
F3s2k

CTEOREIE LW EIL. Fo X EECREEH 15
Zk

- MR U9 BRNABFEo 27 1 T1¢
X

Compare the following [Question] and [Your Answer], and output
only one final answer in the form of a choice number or numeric
value.

- Modify the answer only if it is clearly incorrect based on the
question’s conditions.

« If the original answer is correct, output the same answer as is.

+ Do not include any reasons or explanations. Output only the final
number.

Table 3: Performance comparison on the Japanese bar examination (Reiwa 6). Accuracy denotes exact-match
answer accuracy, while scores follow the official exam grading scheme with partial credit. Average subject-wise
scores are reported for constitutional law (F&h), civil law (JR %), and criminal law (Fi]3%).

Model Accuracy Exam Scale (Avg/Min/Max) Const. Civ. Crim.
Passing Score for Examinees N/A 93 (out of 175) 20 30 20
Base (Zero-Shot) 0.4036 67.0/65/68 8.0 320 270
Base (Few-Shot) 0.3896 68.3/63/71 8.0 333 270
Base (Few-Shot) + Self-Verification 0.4156 76.3/76177 9.7 36.7 30.0
Fine-Tuned w/ JBE-QA 0.3766 64.0/62 /66 8.0 300 260
Fine-Tuned w/ JBE-QA + Self-Verification 0.4226 80.7/78 /82 21.0 327 270
Fine-Tuned w/ Ours 0.4675 92.3/91/93 20.3 42.0  30.0
Fine-Tuned w/ Ours + Self-Verification 0.4935 94.7 /94 /96 22.3 423  30.0
Multi-Agent (same model for all agents) 0.4026 757174779 19.3 30.7  25.7
Multi-Agent (separately fine-tuned models) 0.3969 71.0/66/77 12.7 347 256

model-agnostic technique.

JBE-QA: Despite being trained on a substan-
tially larger dataset, the model fine-tuned on JBE-
QA exhibits markedly poor performance on the
actual Japanese bar examination, suggesting that
improving the model’s legal knowledge does not au-
tomatically translate to performance boost in more
complex tasks. While their decomposition strategy
simplifies learning by isolating local factual judg-
ments, it removes the requirement to reason over
joint constraints among statements. The true/false
reformulation introduces an implicit shift in task
distribution, as the model is optimized for binary
classification rather than constrained selection un-
der combinatorial rules. As such, fine-tuning on
decomposed propositions encourages a form of seg-
mented knowledge representation that lacks mech-
anisms for re-composition at inference time.

These findings suggest that while proposition-
level supervision may improve performance on sim-
plified benchmarks, it does not necessarily transfer
to evaluation settings that require holistic reason-

ing. For high-stakes professional examinations,
preserving the native question format during train-
ing appears critical for enabling models to align
local legal knowledge with global decision consis-
tency.

As with the base models, the model fine-tuned
with JBE-QA shows a significant performance
boost with self-verification. This again reinforces
that self-verification is an effective technique re-
gardless of the model.

Ours: Fine-tuning with our dataset, with or with-
out self-verification, clearly outperforms other ap-
proaches. Notably, fine-tuning with our dataset
alone without self-verification already obtains
scores around the passing score. Note that its per-
formance gain cannot be attributed to format mem-
orization or answer pattern learning, as the com-
binatorial space of such answers (e.g. "11221”)
makes correct prediction by memorizing answer
frequencies or guessing implausible. Moreover,
the training data does not provide decomposed su-
pervision at the proposition level; the model must



internally reason over each constituent statement to
produce a globally consistent output. This suggests
that exposure to the authentic multi-proposition for-
mat during fine-tuning induces an ability to jointly
assess multiple legal conditions within a single rea-
soning context. This is further supported by the fact
that models trained on decomposed dataset fail to
recover comparable performance when evaluated
under the original exam structure, despite having
access to substantially more training instances.

As with other model variants, we observe a
further and consistent performance improvement
by introducing self-verification at inference time.
While the fine-tuned model already produces strong
initial answers, the verification step allows the
model to reassess the internal consistency of its
own prediction against the original question, par-
ticularly for answers involving multiple proposi-
tions. This process is effective at correcting local
inconsistencies, such as a single misjudged state-
ment within an otherwise correct composite answer,
which directly translates into higher exam scores
under the official grading scheme. Importantly, self-
verification does not introduce external supervision
or additional training data, but instead leverages
the model’s existing legal knowledge in a second-
pass reasoning phase. The resulting improvement
suggests that a non-trivial portion of errors made
by strong fine-tuned models arise not from lack of
legal knowledge, but from failures in global con-
sistency, which self-verification is well suited to
mitigate.

Another plausible explanation is that both
format-specific fine-tuning and self-verification act
as catalysts that elicit latent knowledge already
present in the model. This may explain why perfor-
mance improves substantially despite the relatively
small size of our training data, which by itself is
unlikely to contain all the legal knowledge required
to pass the examination. Self-verification further
amplifies this effect by encouraging the model to
reassess and consolidate its own predictions, as
evidenced by the consistent, model-agnostic perfor-
mance gains observed when verification is applied.

In short, format-specific fine-tuning teaches
the model how to exploit internal knowledge
that would otherwise remain dormant, and self-
verification further strengthens this elicitation pro-
cess by promoting global consistency across multi-
ple propositions.

Table 4 shows qualitative examples with the
outputs from each model, along with the points

awarded to each output. Our model correctly an-
swers both the single answer format and the com-
posite answer format, which other models struggle
to address. Improvements with self-verification can
be seen in other models as well, where they receive
partial credit. Note that there are instances where
other models often produce incompatible outputs,
such as the additional number of answers. Also,
note that in many cases, 0 points are awarded even
when the accuracy for the questions is over 50%.
This reinforces the point that performing well on
decomposed propositions does not automatically
translate to equivalent performance on actual exam
format and scale, and that it requires composite rea-
soning to demonstrate genuine success, rather than
to simply claim competence based on simplified
benchmarks.

S Multi-Agent Reasoning

Multi-agent reasoning has demonstrated success
in a number of complex tasks (Zhang et al., 2025),
and has also been attempted in legal domain (Zhang
and Ashley, 2025; Sun et al., 2024). To evalu-
ate whether explicit decomposition into interact-
ing agents improves performance on the Japanese
bar examination, we implemented a multi-agent
pipeline in which distinct agents are responsible
for retrieval, verification, knowledge abstraction,
and final answering. Unlike prior work that as-
sumes homogeneous agents or informal collabora-
tion, our implementation assigns clearly separated
functional roles and evaluates both shared-model
and independently fine-tuned agent configurations
under the authentic exam grading scheme.

5.1 Multi-Agent Architecture

The pipeline consists of four sequential agents,
loosely inspired by the architecture proposed by
(Zhang et al., 2025);

* Retriever Agent: Given a test question ¢, the
retriever agent selects a set of candidate past
exam questions and answers from the train-
ing set (R1-R5) that it finds relevant to the
question q.

* Verifier Agent: The verifier agent receives the
test question and the retrieved candidates from
the past exams, and filters them to retain only
those deemed relevant. Its role is to discard su-
perficially similar but legally irrelevant ques-
tions, thereby reducing noise before knowl-
edge abstraction.



Table 4: Qualitative examples under the authentic Japanese bar examination format. For models, +V indicates that
self-verification is performed. For each output, points awarded are displayed in parenthesis. Bold outputs indicate
correct outputs and maximum points. Outputs that do not match the number of digits are actual mistakes by the

models.

Question 1

FBHEH2 2RICHT2ROTHST EFTOELRICOVT, TNZRIELWHAICIE L&, #E->TnaHEIcE22zE UL 3
\\, (For each of the following statements (A)—(C) concerning Article 22 of the Constitution, select 1 if correct and 2 if incorrect.)
7.HNE. BRICEFICERT SAEANCIE. EE L 2oEEIRNIC BV OMNEN—FRKITT 2 Bl REI T\ 53
D EfREL TS, (Precedent holds that foreign nationals lawfully residing in Japan are constitutionally guaranteed the freedom to temporarily
travel abroad during their period of stay.)

1. B - BitoHEE, AN LR ERE T2 AEMINTE Y | LSRN LHMOESE B2 2012 Rl KTh b 2 &y
S, MM EHOEZY > T\ 5, (Freedom of residence and movement is understood as a right with a composite character, and
because it is indispensable for obtaining broad opportunities for intellectual contact, it also possesses aspects of spiritual freedom.)

L HNE HEEEO AR EPE/NETH S 2 LI L 72 & FICIXSHEEOWNIEL Z5ERT 5 2L TE 5 & T 5540
PRUEIC & BBAEOHIRIL. AHOMEIIC X2 LEPOEHNALOTH LS COREITEER 2 285 LHICEXL %
W EfRL TS, (Precedent holds that an ordinance allowing eviction from public housing when a resident is found to be a gang member
constitutes a necessary and reasonable restriction for the public welfare, and thus does not violate Article 22(1) of the Constitution.)

Model Exam(GT) Base(ZS) Base(FS) Base+V JBE-QA JBE-QA+V Ours Ours+V MA(Same) MA(Sep)
Output (Pts) 211(3) 121(0) 121(0) 221(1) 1112(0) 121(1) 21113) 211(3) 122(0) 112(0)
Question2 M ANICH T 2KD TS5+ ETHOEELRD S 5. HHOHEICHS L#A> TV 330ZMladgbezbold. REEL 1S5 X
TP I B END . (Which of the following combinations consists of statements that are incorrect in light of Supreme Court precedent?)
7. WA NiEOEHEE L. HFA L LS. (A defacto spouse of the decedent becomes an heir.)
1. WMl AL ZEOBEAGRICHC L2 &3 2oRICHAEL 2TI3. MFA L & 5, (Ifthe decedent dies while his wife is pregnant,
the child subsequently born becomes an heir.)
. HAA E BT L. 2 oRiEEGANHLE S BoOT CIlaRE@MFEd 5. If both the decedent A and child B die and
the order of death is unknown, B’s child C succeeds by representation.)
. FBMIRIEL 285G, BoT CIEEEMHET 5. (If child B renounces inheritance, B’s child C succeeds by representation.)
F. BEEZIEEL TONRNYHN LT IIHITERA&IC Y725 . (An heir who destroys a will without unjust intent does not become
disqualified from inheritance.)
Model Exam(GT) Base(ZS) Base(FS) Base+V JBE-QA JBE-QA+V Ours Ours+V MA(Same) MA(Sep)
Output (Pts) 2(2) 3(0) 3(0) 2(2) 3(0) 3(0) 2(2) 2(2) 4(0) 1(0)

Question 3

KOT oA XTOFLLE UMD TIHZICHE > THRETL . IELWHFICIE L 2. #o> TWAHEICIE 2 ZEU % S\, (Examine
each of the following statements A—E according to judicial precedent; choose 1 if correct and 2 if incorrect.)

7. FiE EXLOLRALERLO. INEELS CICHTEINEETEZLERATETICWTA L. 205G, FICHIHT
HAEIEH KL T 4. (For the purpose of obtaining lottery winnings, X altered the number printed on a losing lottery ticket to match the
winning number. In this case, the crime of alteration of a private document with a seal is established.)

1. T3 FHEERSTWZICH L. MEERZHELZEED X IICE > TREL LTRAL. ZoSBEhEBALRZ. oty
& IS ZFIRTR T O B350 B T IR ok az L. WTRIX LS #E & % 5. (X handed counterfeit currency to Y, who was unaware of the
falsity, as if it were genuine currency, and purchased goods from Y. In this case, fraud and uttering counterfeit currency are established, and the
two crimes are in conceptual concurrence.)

Y. Zs . ZOROVICARFO AT BMZzZr L v efiEn. InzilE=y. ZIKR D F £ L A Bz
ZF. RAWMICZoIREZTHL . 2R TCERZER L. ZoBE. FICHNHCEHGIETENAGT T 5. (X agreed to take an
entrance examination for University A on behalf of Y, impersonated Y, wrote Y’s name, and prepared an answer sheet under Y’s name. In this
case, the crime of forgery of a private document with a seal is established.)

. HX. ATEOHN T, AR L =Em 1 0 0 TR o/MIFoLEMIC [0 22, &l 0 0 0 FHo/MIFICE
AL CoBE. BICHMEEXSGIETE AR T 5. (For the purpose of use, X added a zero to the amount field of a 1-million-yen
check issued by another person, altering it into a 10-million-yen check. In this case, the crime of forgery of a valuable security is established.)
Ao xS @BofiAne LTI AL 0 Mzt i- 725 2hsodicfito | TRz & Eh T 5 2 sIckift
»F. 2otk il 1 FHNOFEEICR G zhs TEOHNTZ O X XMFLL. Zoma. FIC fyiim FPUsIRIamR T L
7L\y, (X received ten 10,000-yen bills as a loan from Y without noticing that one was counterfeit; later noticing the counterfeit bill, X continued
to possess it for the purpose of use. In this case, the crime of acquisition of counterfeit currency is not established.)

Model

Exam(GT) Base(ZS) Base(FS) Base+V JBE-QA JBE-QA+V Ours Ours+V MA(Same) MA(Sep)

Output (Pts)

22121(4) 21222(0) 21222(0) 21122(0) 21212(0) 21211(0) 21121(2) 22121(4) 21222(0) 21212(0)

* Knowledge Extraction Agent: For each ver-  ture. In the shared-model setting, all four agents
ified past question, the extraction agent ab-  were instantiated from the same model fine-tuned
stracts generalizable legal principles from the  with our dataset as in the previous experiment, iso-
question/answer pair. The agent is instructed  lating the effect of role separation and interaction.
to output only reusable criteria, conditions, or  In the independently fine-tuned setting, each agent
patterns in bullet-point form. was fine-tuned separately on the same training data

e Final Reasoning Agent: The reasoning agent
receives the original test question together
with the aggregated extracted knowledge and
produces the final answer in the strict exam-
required format. This agent is solely responsi-

but with role-specific prompts, with the goal of
increasing functional specialization and diversity.
Prompts for each agent are shown in Table 5. An-
swer format instruction is identical as the previous
experiment.

ble for joint evaluation of all propositions and 5,2 Results & Analysis

adherence to formatting constraints.

As shown in Table 3, both configurations per-

We evaluated two configurations of this architec-  formed substantially worse than a single fine-tuned



Table 5:

Role-specific prompts used in the multi-agent pipeline.

PIToREICHMET 2 & 52 on bkl & < olEz @R e L.
BROBEEIL b T EATF. ma. R i fflof
FH@EL TWahr eI Ths. KT ETHEATE WL,
(Select past exam questions and answers that you consider relevant to
the following problem. Relevance should be judged based on shared legal
domain, issues, statutes, or types of precedents. You may select up to a few

WER EED AZE L TL2S

VY, (Select only the past exam questions and answers that are relevant to

PIT ORI & EfE D o o fko FOIREIC 2 2 — (L EX
(Extract generalizable legal knowledge from
the following question and answer that can be reused for future similar

Agent Prompt (English translation in parentheses)
Retriever
questions.)
Verifier PITOREICH L TH BIC% 5]
the following problem.)
Extractor I
FH A E MOl X
problems.)
Reasoner

DIMIBE T 2 A0 Th 5. ik E2 T, RoMEICEZ

&. (Below is relevant legal knowledge. Based on it, answer the following

question.)

model. The shared-model multi-agent system
achieved an average score of 75.7 points, while
the independently fine-tuned multi-agent system
further degraded performance to 71.0 points, both
of which are substantially below the passing score.
These results fall far below the single-model ap-
proach, despite significantly increased inference
complexity.

Our results highlight that multi-agent systems do
not automatically outperform strong single-model
baselines. On the contrary, in tightly constrained
tasks such as the Japanese bar examination, dis-
tributing reasoning across agents can be harmful,
as errors introduced by individual agents tend to
propagate and compound throughout the pipeline.
In particular, abstraction and verification stages
may introduce subtle inconsistencies that the final
reasoning agent must reconcile under strict format-
ting and joint-consistency constraints.

We further find that increasing agent diversity
through independent fine-tuning does not improve
performance and instead exacerbates coordination
failures. While independently trained agents ex-
hibit greater surface-level variation, they lack a
shared representational space that would allow their
outputs to be reliably integrated. In contrast, shared
representations appear to be crucial for effective
agentic behavior in multi-agent setting, especially
in settings where success depends on maintaining
global consistency across multiple interdependent
propositions.

6 Conclusion & Future Work

In this paper, we presented the first large language
model system to achieve a passing score on the

Japanese bar examination when evaluated under
its original question format and official grading
scale. Our results demonstrate that preserving the
exam’s multi-proposition structure during dataset
construction and fine-tuning is essential. A sin-
gle fine-tuned model, augmented with lightweight
self-verification, is sufficient to meet the passing
threshold without resorting to question decompo-
sition or external supervision, despite a relatively
small size of training data.

In contrast, approaches based on decomposed
propositions or multi-agent deliberation fail to
achieve comparable performance when assessed
under realistic exam conditions, despite increased
architectural complexity. These findings indicate
that success on the Japanese bar examination de-
pends less on distributing reasoning across compo-
nents than on maintaining global consistency over
tightly coupled propositions. The additional gains
from self-verification further underscore that many
remaining errors arise from coherence failures
rather than missing legal knowledge. Overall, both
format-specific fine-tuning and self-verification act
as effective catalysts to extract the latent knowledge
present in the model that would not be exploited
otherwise.

As future work, we aim to extend this ap-
proach to the free-response (i XL 3\) portion of
the exam, which requires structured legal argumen-
tation rather than discrete answer selection. More
broadly, our results highlight the importance of
evaluating legal reasoning systems under authentic
task formats and caution against drawing conclu-
sions from benchmarks that substantially simplify
the structure and evaluation criteria.



Limitations

This work focuses exclusively on the multiple-
choice (¥8 % 3\) portion of the Japanese bar ex-
amination and does not address the free-response
G C3\) component, which requires structured le-
gal argumentation, citation control, and extended
reasoning. As such, our results should not be inter-
preted as demonstrating comprehensive legal rea-
soning ability or qualification-level competence. In
addition, although our dataset faithfully preserves
the original exam format, its size is relatively small
compared to large-scale legal benchmarks, and per-
formance gains rely on the presence of substantial
prior knowledge in the underlying base model. Our
approach therefore assumes access to a strong pre-
trained language model and may not generalize to
weaker or domain-mismatched models. Finally,
while self-verification improves robustness under
the exam’s grading scheme, it does not guarantee
correctness in cases where the model’s internal le-
gal knowledge is itself incorrect or outdated.

Ethical Statement

This study does not involve human subjects, per-
sonal data, or sensitive private information. All
exam questions used in our dataset are publicly
available past questions from the Japanese bar ex-
amination, used solely for research and evaluation
purposes. Our results should not be construed as
endorsing the use of language models as a substi-
tute for formal legal education, professional train-
ing, or legal advice. In particular, passing or near-
passing performance on an exam-style benchmark
does not imply real-world legal competence or eth-
ical judgment. We emphasize that any deployment
of such models in legal contexts must be accom-
panied by appropriate human oversight and clear
disclosure of limitations. We caution against over-
interpreting benchmark success without evaluation
under authentic task formats and grading schemes,
a concern that our work explicitly aims to highlight
rather than exacerbate.
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