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Abstract
This paper introduces LegalRikai: Open Benchmark, a new benchmark comprising four complex tasks that emulate
Japanese corporate legal practices. The benchmark was created by legal professionals under the supervision
of an attorney. This benchmark has 100 samples that require long-form, structured outputs, and we evaluated
them against multiple practical criteria. We conducted both human and automated evaluations using leading
LLMs, including GPT-5, Gemini 2.5 Pro, and Claude Opus 4.1. Our human evaluation revealed that abstract
instructions prompted unnecessary modifications, highlighting model weaknesses in document-level editing that
were missed by conventional short-text tasks. Furthermore, our analysis reveals that automated evaluation aligns
well with human judgment on criteria with clear linguistic grounding, and assessing structural consistency remains a
challenge. The result demonstrates the utility of automated evaluation as a screening tool when expert availability is
limited. We propose a dataset evaluation framework to promote more practice-oriented research in the legal domain.
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1. Introduction # Summary of Changes
1 At hiring or renewal, contracts must state
Ji:: 1111] i pfossiblf cha/rges ’irn‘m{orkplace.

The adoption of LLMs is rapidly increasing, and empioymentterms to be stated incude: | | Al oomtracts and notioes must speciy
there are high expectations for their ability to = ~"o*eece possible workplace.
streamline legal tasks such as document genera- Eai Fegal Amendment Explanation
tion, summarization, and proofreading. However, — Sioernen & 1% 2200 " work ocation: ABC, Inc. Tokyo Head Office
actual corporate legal workflows are not single nor - -
simple tasks; they consist of complex operations Legal Amendment Work location: ABC, Inc., Tokyo Head Office
integrating multiple processes. The ability of LLMs 4
to handle such complex tasks has only been eval- Statute-driven Contract Revision

uated within limited scopes.

The practical legal work targeted in this paper
involves recurring editing workflows such as: (1)
Internal communication regarding the business im-
pact of legal amendments, (2) Contract revisions
in response to the amendments, (3) Requirement-
driven contract revisions based on stakeholder
requests, and (4) Risk-driven contract revisions
aimed at preventing future disputes and disadvan-
tages. For example, when a law is amended, a
legal department typically performs tasks (1) and
(2), as illustrated in Figure 1. The former re-
quires multiple processes: (a) understanding the
pre-amendment law, (b) comprehending the dif-
ferences between pre- and post-amendment, (c)
summarizing the changes, and (d) listing the im-
pact on contracts. The latter, in addition to these,
requires (e) understanding the structure and con-
tent of the existing contract, (f) identifying the
clauses that need editing, and (g) performing ed-
its while preserving the original contract’s format.

Figure 1: The overview of the legal department’s
operations regarding a legal amendment.

tical work, such as modifying clauses while main-
taining the overall consistency of a contract. This
capability gap is critical, as contract drafts gener-
ated by LLMs may appear correct at first glance
but may contain hidden flaws, such as incorrect
clause references, inconsistent definitions, or con-
textually inappropriate outputs. Therefore, we pro-
pose a benchmark of four complex tasks modeled
on real-world workflows. We employ both human
and automated evaluations to analyze the outputs
by leading LLMs, identifying which aspects have
reached a practical level and where weaknesses
are most prominent.

Research Questions This study aims to answer
the following questions:

Existing legal benchmarks primarily focus on 1. RQ1: How do differences in legal tasks affect
short-answer QA or classification tasks that test the editing behavior of LLMs?
legal knowledge. They fail to adequately measure
the long-form editing capabilities essential for prac- 2. RQ2: To what extent does performance
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on the proposed tasks correlate with perfor-
mance on conventional benchmarks?

3. RQ3: How closely do human and automated
evaluations align in assessing editing quality,
and can automated evaluation effectively sub-
stitute for human judgment?

The contributions of this research are as follows:

» We propose LegalRikai: Open Benchmark,
a new benchmark consisting of four com-
plex tasks directly tied to major workflows in
Japanese legal practice. Legal professionals
created the dataset under the supervision of
qualified lawyers.

* We conducted inference and evaluation on
the benchmark using leading LLMs and ana-
lyzed their performance and tendencies.

» We specifically identify future research chal-
lenges regarding the adoption of LLMs in the
legal domain.

2. Proposed Corpora

In this study, we define the four workflows de-
scribed in the previous section as tasks: Le-
gal amendment explanation (AmendExp) takes
pre- and post-amendment statutes as input and
outputs the summary of the amendment and
its impact on contracts. Statute-driven con-
tract revision (StatRev) takes pre- and post-
amendment statutes and a contract as input, and
outputs a contract that complies with the current
statute. Requirement-driven contract revision
(ReqRev) takes a contract and direct revision in-
structions as input, and outputs a contract edited
according to those instructions. Risk-driven con-
tract revision (RiskRev) takes a contract and in-
structions to mitigate legal risks as input, and out-
puts a contract edited according to those instruc-
tions. Below, we describe each task and its eval-
uation metrics. For each of the four tasks, we se-
lected evaluation metrics that could be assessed
both manually and automatically by LLMs. The
metrics are set on a 3-point scale for cases where
partial achievement needs to be distinguished,
and on a 2-point scale for cases where achieve-
ment is clearly binary.

2.1,

Legal amendments can have wide-ranging effects
on contracts and business operations. Amend-
Exp aims to compare pre- and post-amendment
statutes, generating a summary of the changes
and an explanation of their impacts on contracts.
This task takes pre- and post-amendment statutes

AmendExp

as input. This task simulates the practical work of
explaining legal revisions to stakeholders and com-
piling materials for internal discussions.

An example of this task is shown in Table 1. An
amendment to the Penal Code introduced a new
"imprisonment” (kokinkei), necessitating changes
to terms such as “imprisonment” (choeki) and
"imprisonment without work” (kinko) in contracts.
These terms need to be replaced with “imprison-
ment” (kokinkei).

We evaluated this task based on two main as-

pects: the summary of the amendment and its im-
pact on contracts. The evaluation criteria for the
amendment summary are as follows:
Coverage of Amendments (CA): Assesses
whether the model covers the main points of
the change in the summary. Accuracy of
Amendments (AA): Assesses whether the model
describes the changes accurately in the sum-
mary. Relevance of Amendments (RA): As-
sesses whether the model excludes unnecessary
content from the summary. For the impact on con-
tracts, as follows: Coverage of Impacts (CI): As-
sesses whether the model addresses all relevant
aspects that impact contracts in the explanations.
Accuracy of Impacts (Al): Assesses whether the
model describes the impacts accurately in the ex-
planations. Relevance of Impacts (Rl): Assesses
whether the model excludes irrelevant information
from the explanations. We rated all metrics for
AmendExp on a 3-point scale.

2.2. StatRev

Contracts often require revision due to legal
amendments. StatRev aims to create a contract
compliant with post-amendment statutes. This
task takes a contract that is compliant with pre-
amendment statutes, as well as pre- and post-
amendment statutes, as input. Specifically, this
task involves identifying contract clauses that re-
quire revision based on the amended statute
and generating and applying the revised text.
StatRev requires the ability to understand the
amended statute and to map it to contract clauses,
demanding legal knowledge and statutory interpre-
tation. This task simulates the practical work of up-
dating of contracts after legal amendments.

An example of this task is shown in Table 2. This
example shows a case where the amendment to
the Labor Standards Act Enforcement Regulations
necessitated the explicit definition of the scope of
changes to the workplace and the duty clause.

We evaluated this task on five criteria: Instruc-
tion Following (IF): Assesses whether the model
strictly performs the revision as instructed. Struc-
tural Consistency (SC): Assesses whether the
model maintains the resulting contract structure
consistently and logically sound after the revision.
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Pre-amendment statute

...(2)"imprisonment” (choeki) consists of confinement in a penal institution
with assigned work....

Post-amendment statute

...(2)"imprisonment” (kokinkei) shall consist of confinement in a penal in-
stitution. (3)A person sentenced to "imprisonment” (kokinkei) may be re-
quired to perform necessary labor or be provided with necessary guidance
for their rehabilitation and reintegration. ...

Ground truth (Summary of change)

The sentences of "imprisonment” (chdeki) and "imprisonment without work”
(kinko) have been abolished and replaced with a newly established, unified
sentence of “imprisonment” (kokinkei). This change aims to improve the
treatment of inmates in penal institutions and enhance systems such as
the suspension of sentences.

Ground truth (Impact on contracts)

In contracts that grant certain rights to an individual, such as stock option
agreements, there may be a provision stipulating the forfeiture of those
rights if the individual is convicted of a criminal offense. If such a provision
uses the terms “imprisonment” (choeki) or “imprisonment without work”

(kinko), it must be amended to the new term "imprisonment” (kdkinkei)

Table 1: An example of AmendExp.

Change Precision (CP): Assesses whether the
model makes any unnecessary revisions, dele-
tions, or additions beyond the scope of the re-
quired change. Terminology Accuracy (TA): As-
sesses whether the model uses the correct tech-
nical or specialized terminology throughout the re-
vised contract. Wording Appropriateness (WA):
Assesses whether the model retains appropriate
contractual phrasing in the revised contract. We
rated IF, TA, and WA on a 3-point scale and SC,
CP on a 2-point scale.

2.3. RegRev

Contracts often require revision not only due to
legal amendments but also because of requests
from the parties or changes in transaction terms.
ReqgRev aims to generate a revised contract that
accurately reflects all requests. This task takes
a contract template and multiple revision requests
as input. The revision requests range from simple
wording changes to large-scale revisions spanning
multiple clauses and may include instructions that
do not necessarily require legal knowledge. The
task requires identifying the target clauses, gener-
ating revised text, and maintaining overall consis-
tency. This task is less abstract than others, as it
requires faithfully reflecting explicitly given revision
requests. This task simulates the practical work of
incorporating requests from a counterparty or mak-
ing wording changes during contract negotiations.

An example of this task is shown in Table 3. This
example has instructions with specific and explicit
wording for particular clauses. We evaluated this
task on the same criteria as StatRev.

2.4. RiskRev

Contracts contain potential risks that could lead to
future disputes or disadvantages. RiskRev aims

to generate a revised contract with minimal legal
risks. This task takes a contract template and mul-
tiple revision requests designed to mitigate legal
risks as input. Some cases include instructions
that do not require revision. This task contributes
to pre-contractual reviews and risk reduction dur-
ing negotiations. In all cases, the input contract for
RiskRev and ReqgRev is identical. The difference
is that ReqRev provides clear instructions on how
to revise, whereas RiskRev provides high-level in-
structions to revise based on a stated risk. There-
fore, RiskRev requires risk identification and the
formulation of revised text based on legal knowl-
edge. RiskRev simulates the practical work of re-
viewing by legal staff and supporting negotiations.

An example of this task is shown in Table 3.
While ReqRev specifies the exact wording to be
changed, RiskRev provides a legally oriented in-
struction, such as “revise to be more favorable
to the contractor.” We evaluated this task on the
same criteria as StatRev.

2.5. Datasets

We created 25 data instances for each task. Le-
gal professionals created the data under the su-
pervision of an attorney employee. We cre-
ated the dataset used in RiskRev, ReqRev, and
StatRev based on contracts and templates for
actual practice. The statutes in StatRev and
AmendExp are based on actual Japanese statutes.
We show statistical information in Table 4. All
tasks require handling over 6,500 characters of
information. Among them, StatRev and Amend-
Exp have significant average character counts for
the input statutes. Since StatRev requires refer-
ring to 27,000 characters of statute and Amend-
Exp 23,000 characters, long-context processing
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Pre-amendment statute

...Article 5 (1) The working conditions which the employer shall clearly indicate
to the worker under the provisions of the first sentence of paragraph....(i)-3
Matters concerning workplace and work engaged in...

Post-amendment statute

...Article 5 (1) The working conditions which the employer shall clearly indicate
to the worker under the provisions of the first sentence of paragraph....(i)-3
Matters concerning workplace and work engaged in (including the scope of
changes to the place of work and duties to be engaged in)...

Input contract

...Place of work: Immediately after hiring: Tokyo Head Office...

Ground truth (Revised contract)

...Place of work: Immediately after hiring: Tokyo Head Office (Scope of
change: Any place of work separately designated by the Company)...

Table 2: An Example of StatRev.

Instruction in ReqRev

Please amend Article 8 (Subcontracting) to state that "subcontracting is per-
missible only with the prior written consent of the Consignor.”

Instruction in RiskRev

Regarding the clause on subcontracting, if the contract contains a corre-
sponding item, please amend the expression to be more favorable to the
Consignor. If deleting the clause is more advantageous, you may do so.

Input Contract

...Article 8 (Subcontracting) 1. Party B may, at its own responsibility, subcon-
tract a portion of the consigned duties to a third party. ...

Ground Truth (Revised Contract)

...Article 8 (Subcontracting) 1. Party B may, at its own responsibility, subcon-
tract a portion of the consigned duties to a third party only upon obtaining the
prior written consent of Party A. ...

Table 3: Examples of ReqRev and RiskRev.

capability has a significant impact.

and impact on contracts in Markdown. For Sta-

3. Experiments

For each of the four tasks, we conducted a human
evaluation experiment and an automated evalua-
tion experiment. In the human evaluation experi-
ment, we performed inference with three models—
GPT-5%(OpenAl, 2025), Gemini 2.5 Pro®(Google,
2025), and Claude Opus 4.14(Anthropic, 2025)—
and had legal professionals evaluate the outputs
under the supervision of an attorney employee. In
the automated evaluation experiment, we similarly
evaluated three models—GPT-5, Gemini 2.5 Pro,
and Claude Opus 4.1—as the evaluation models.
We used a task-specific template that specified
the output format and constraints for each task.
We provided contracts in Markdown format, and
statutes in text format, converted from information
obtained from the API published by Digital Agency,
Government of Japan (2025)%. For AmendExp,
the model outputted the summary of amendments

'"The dataset is available at: https://
huggingface.co/datasets/legalontech/
Legal-Rikai-Open—-Benchmark

2The Model version is gpt-5-2025-08-07.

3The Model version is gemini-2.5-pro.

4The Model version is claude-opus-4-1-20250805.

SFor articles exceeding the LLM’s maximum context
length, trailing portions without differences between the
pre- and post-amendment versions were truncated to en-
sure consistent input across models.

tRev, the model only outputted the clauses requir-
ing changes in Markdown due to context length
limitations. For RegRev and RiskRev, the model
outputted the entire edited contract in Markdown.

For each model, we set the temperature to 0.0.
We used GPT-5 directly via the official API, while
we used Gemini 2.5 Pro and Claude Opus 4.1 via
the Vertex Al Platform.

3.1.

We conducted inference for each task using GPT-
5, Gemini 2.5 Pro, and Claude Opus 4.1, and
legal professionals conducted a human evalua-
tion of each output. Each sample was inde-
pendently scored by two legal professionals us-
ing the metrics defined in Section 2 (AmendExp:
CA/AA/RA, CI/AI/RI; other three tasks: IF/SC/CP/-
TA/WA). When scores differed, we used the arith-
metic mean. We reported Inter-annotator agree-
ment using Cohen’s k coefficient in Table 5. Note
that for metrics where all samples received the
same label, x score is nan. Overall, we observed
high agreement, but x score for WA in ReqRev and
RiskRev were low, indicating that judgments on ap-
propriate contractual phrasing vary considerably
among individuals. We mapped the scores to an
interval scale and then normalized them to [0, 1]
(Table 6).

As shown in Table 6, in AmendExp, Gemini
2.5 Pro performed best overall, with scores of AA
(0.86), Al (0.54), RI (0.44), and RA (0.80). GPT-

Human Evaluation Experiment
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RegRev RiskRev StatRev AmendExp
Number of samples 25 25 25 25
Avg. char. count in input contract 6,530 6,530 9,412 -
Avg. articles in input contract 16 16 38 -
Avg. char. count in pre-amendment statute - - 27,033 32,149
Avg. provisions in pre-amendment statute - - 292 318
Ground truth char. count 253 228 300 397
Char. count of statute amendment diff. - - 3,122 4,924

Table 4: Statistics for the four tasks. The ground truth char. counts for ReqRev, RiskRev, and StatRev are
the character count of the difference between the input and ground truth contracts. For AmendExp, it is
the character count of the ground-truth summary and the impact on contracts.

5 exhibits high coverage with CA (0.66) and CI
(0.52), but its relevance is weaker, with RA (0.76)
and RI (0.22), falling short of Gemini 2.5 Pro.
Claude Opus 4.1 did not stand out in any metric
compared to the other models.

In StatRev, Gemini 2.5 Pro scored highest in IF
(0.73) and CP (0.44), excelling in coverage and
precision. Claude Opus 4.1 scored highest in SC
(0.40) and WA (1.00), demonstrating a strength in
maintaining the proper format of a contract. How-
ever, it also had the lowest CP score (0.20), indicat-
ing that it often made extra changes not specified
in the instructions. GPT-5’s performance was inter-
mediate between the other two. All models scored
TA (1.00), showing no issues with the use of tech-
nical terminology.

In RegRev, all models scored similarly on IF
(0.85), suggesting that when "what to change” is
explicitly stated, there is no significant difference
in the ability to follow instructions. There were no
significant differences in SC, TA, or WA, but GPT-5
scored CP (0.58), indicating an exceptionally high
number of unnecessary revisions compared to the
other models.

In RiskRev, the trends were generally simi-
lar to those in RegRev. Since ReqRev and
RiskRev have the same input/output format, they
are likely to produce similar trends. While there
was little difference in IF and SC, GPT-5 tended
to perform lower than the other two models in SC,
TA, and WA. GPT-5’s CP (0.22) score was espe-
cially low, indicating a tendency for unnecessary
revisions.

A general trend emerging from the experimen-
tal results is that the specificity of instructions
has a significant influence on model behavior.
In ReqgRev, where we provided specific revision
points and wording, all models achieved high
scores in IF, demonstrating their ability to faith-
fully execute instructions. In contrast, in StatRev,
which requires interpreting amended statutes, and
RiskRev, which demands abstract risk mitigation,
model performance varied greatly, with a notable
increase in unnecessary modifications. The re-
sults suggest that when models attempt to interpret

CA AA RA Cl Al RI

1.00 1.00 1.00 0.98 0.98 0.91
Task IF SC CP TA WA
RegRev  0.78 1.00 0.74 1.00 0.49
RiskRev  0.78 1.00 0.69 0.53 0.60
StatRev 1.00 0.90 1.00 nan 1.00

Table 5: Cohen'’s « coefficient for the evaluation re-
sults of two evaluators per task. Top row: Amend-
Exp; Bottom row: ReqRev, RiskRev, StatRev. For
the TA of StatRev, the evaluation results were iden-
tical in all cases, hence marked as nan.

and supplement abstract parts of instructions, they
tend to perform excessive edits or make changes
that deviate from the practitioner’s intended mean-
ing. This behavior, while seemingly producing ben-
eficial modifications, can actually increase review
costs and introduce unintended legal risks.

Furthermore, model-specific characteristics be-
came apparent. Gemini 2.5 Pro shows strength in
accuracy, while Claude Opus 4.1 excelled at main-
taining contract format. The results could reflect
the fundamental characteristics of each model: the
former specializes in careful, fact-based text gen-
eration, while the latter is adept at preserving the
format and stylistic consistency of the entire doc-
ument. GPT-5 demonstrated intermediate perfor-
mance, exhibiting high versatility but lacking out-
standing capabilities in any specific aspect. These
results indicate that when selecting an LLM for le-
gal practice, it is necessary to consider not only a
single score but also the nature of the task, such
as the specificity of instructions, and the model’s
particular strengths.

3.2. Automated Evaluation Experiment

In this section, we conducted an automated eval-
uation to verify whether they can replace or assist
legal professionals in their annotation work. We
measured Spearman’s correlation coefficient in Ta-
ble 7 and Mean Absolute Error (MAE) in Table 8
between the automated scores and human evalu-
ations for the criteria defined in Section 2.
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Model CA AA RA Cl Al RI

GPT-5 066 0.74 0.76 052 044 0.22
Gemini 0.64 086 080 052 054 044
Claude 0.64 068 070 049 049 0.32
Task Model IF SC CP TA WA
GPT-5 0.69 0.36 0.32 1.00 0.94
StatRev  Gemini 0.73 0.36 0.44 1.00 0.96
Claude 0.57 0.40 0.20 1.00 1.00
GPT-5 0.85 0.92 0.58 0.94 0.79
ReqRev Gemini 0.85 0.80 1.00 1.00 0.90
Claude 0.85 0.92 0.96 1.00 0.87
GPT-5 0.69 0.88 0.22 0.79 0.59
RiskRev Gemini 0.61 0.96 040 0.95 0.78
Claude 0.65 1.00 0.56 0.96 0.75

Table 6: Manual evaluation results for LLM out-
puts. Top row: AmendExp; bottom row: StatRev,
RegRev, RiskRev. All have their value ranges
changed to [0,1].

We used GPT-5, Gemini 2.5 Pro, and Claude
Opus 4.1 as evaluator models, setting the temper-
ature to 0 for deterministic scoring. We provided
the task definition, input, model output, and scor-
ing criteria for each aspect, and required a struc-
tured output consisting only of the criterion hame
and the rationale. We also experimented with a
score, Avg, which is the arithmetic mean of the
scores from the three models.

As shown in Table 7, in AmendExp, a significant
positive correlation was observed overall. The re-
sults indicate that judgments with easily demon-
strable linguistic evidence, such as identifying dif-
ferences in amendments and organizing their prac-
tical impacts, are well-suited for automated scoring
by LLMs. As shown in Table 8, there is a differ-
ence between the summary of amendments (CA,
AA, RA) and the impact on contracts (Cl, Al, RI).
The metrics associated with the more complex im-
pact on contracts generally show a larger deviation
from human evaluation.

In StatRev, as shown in Table 7, there are mod-
erate correlations for IF and CP, while weak corre-
lations for SC and WA. We were unable to obtain
a correlation coefficient for TA because all human
evaluations were identical. The MAE scores for TA
ranged from 0.28 to 0.79 in Table 8, which is com-
parable to IF and CP, suggesting a certain level of
agreement with human evaluation.

In RegRev, as shown in Table 7, there are mod-
erate correlations for IF and WA, while weak corre-
lations for SC and CP, and a weak negative corre-
lation for TA. The results are likely due to the fact
that simple instructions, such as explicit replace-
ment or addition, tend to cluster densely in human
scores for each model, making it challenging to es-
tablish a rank correlation.

In RiskRev, as shown in Table 7, there are mod-

erate correlations for CP and WA, and weak cor-
relations for IF, SC, and TA. Since this task has a
high level of instruction abstraction, evaluating IF
was likely the most difficult among the four tasks.

A general trend is that for tasks like Amend-
Exp, where contained linguistic evidence in the
text, there was a significant correlation between
automated and human evaluations. However,
the markedly weak correlation in contract revision
tasks, especially for SC and TA, highlights the lim-
itations of LLM-based evaluation.

The difficulty in evaluating SC is likely due to
LLMs processing text as a linear sequence of to-
kens. Human evaluators perceive the visual and
logical structure of a document as awhole, such as
clause number references and indentation breaks.
In contrast, LLM evaluators are adept at assessing
local semantic meaning but struggle to accurately
track the consistency of global references, such as
"Article 15 refers to Article 9.”

The discrepancy in TA evaluation is rooted in the
nuanced context of legal terminology. For exam-
ple, while "immediately” and "promptly” are sim-
ilar, their levels of obligation differ in legal doc-
uments. Human experts judge these nuances,
whereas LLM evaluators tend to assess based on
dictionary correctness or word frequency, failing
to evaluate the appropriateness of term choice in
context. From these considerations, it is evident
that automated evaluation is practical for screen-
ing aspects related to content, such as coverage
and instruction following. However, for assessing
formal and contextual validity, such as document
structure and professional nuance, supervision by
human experts remains necessary. Furthermore,
the Avg score tended to improve correlation by off-
setting systemic biases, proving effective in achiev-
ing a more accurate evaluation.

3.3. Performance Variation by LLM Scale

We investigated how model scale affects perfor-
mance on document-level editing tasks. Table 9
compares the results of the full-GPT-5 model with
its lightweight versions, GPT-5-mini® and GPT-5-
nano’. As shown in Table 9, reducing the model
scale resulted in a significant performance drop,
especially in aspects that require understanding
the entire document’s context, such as CA and CI.
For instance, the Cl score dropped by 0.25 from
0.52 for the full model to 0.27 for the nano model.
To verify whether this rate of performance degrada-
tion is specific to our proposed tasks, we compare
it with the benchmark results published (OpenAl,
2025). In the GPQA diamond benchmark, which
measures graduate-level question-answering abil-

®The Model version is gpt-5-mini-2025-08-07.
"The Model version is gpt-5-nano-2025-08-07.
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Model CA AA RA Cl Al RI Model CA AA RA Cl Al RI
GPT-5 0.727 0.327 0.417 0507 0.44" 0.237 GPT-5 0.66 0.74 0.76 0.52 0.44 0.22
Gemini 058" 0.367 0.47f 0.36" 0.317 0.13 GPT-5-mini  0.63 0.83 0.55 0.37 0.42 0.37
Claude 0.53" 0.37F 0.46' 053" 0.54" 0.41f GPT-5-nano  0.51 0.65 0.44 0.27 0.28 0.27
Avg 0.68" 0.38" 051" 0.557 0.47f 0.31f
Task Model IF SC CP TA WA Table 9: Evaluation results for AmendExp using
GPT-5  0.347 0.07 047" nan -0.04  each GPT-5model by Avg evaluator. All have their
StatRev Gemini 043T 0.11 046]L nan 0.08 Va'ue ranges Changed to [0’1]
Claude 0.34" 0.08 0.58" nan 0.19
Avg 0.49" 0.12 0.65" nan 0.14
GPT-5 0.17 0.09 0.15 -0.05 0.00 . .
Gemini 010 008 017 -0.06 027" and inter-clause references, is strongly dependent
ReqRev Claude 026" 016 nan -0.12 007 on model scale. Therefore, although lightweight
Avg 023t 012 0.18 -0.15 023" models may be attractive in terms of cost and
GPT-5 0.6 -008 0367 0.14 0.22 speed, applying them carelessly to tasks where
) Gemini -0.13 0.01 0.26'-0.02 0.20 document-wide consistency is critical, such as con-
RiskRev o iude 020 007 035 041 0.26' tract review, carries a high risk of inducing fatal
Avg 0.11 -0.07 0.417 0.19 0.34"  oversights. The results emphasize the importance

Table 7: Spearman correlation coefficients be-
tween automated and manual evaluations. Top
row: AmendExp; Bottom row: StatRev, ReqRev,
RiskRev. T denotes a statistically significant corre-
lation with manual evaluation (p < 0.05).

Model CA AA RA Cl Al RI

GPT-5 031 047 0.71 066 066 0.64
Gemini 0.39 044 047 069 0.75 1.01
Claude 044 053 056 058 055 0.63
Avg 0.37 0.47 058 058 0.60 0.71
Task Model IF SC CP TA WA
GPT-5 0.54 0.60 0.24 0.52 0.31
StatRev Gemini 0.58 0.57 0.25 0.28 0.36
Claude 0.75 0.57 0.23 0.79 0.59
Avg 0.56 0.58 0.24 0.53 0.41
GPT-5 0.33 0.15 0.21 0.09 0.31
RegRev Gemini 0.35 0.21 0.19 0.13 0.28
Claude 042 0.27 0.17 0.17 0.28
Avg 0.34 0.21 0.17 0.17 0.28
GPT-5 043 0.15 0.33 0.25 0.52
RiskRev Gemini 0.62 0.27 0.42 0.24 0.52
Claude 046 043 0.38 0.24 0.48
Avg 049 0.28 0.36 0.23 0.49

Table 8: Mean Absolute Error(MAE) between man-
ual and automated evaluations. Top row: Amend-
Exp; Bottom row: StatRev, ReqRev, RiskRev

ity, the performance drop was only 14.5%, with
the score decreasing from 85.7% for GPT-5 to
71.2% for GPT-5-nano. This comparison reveals
that the reduction in model scale leads to signif-
icantly more severe performance degradation in
specialized, long-text reading and editing tasks,
such as those in our study, compared to the per-
formance difference observed in general-purpose
reasoning tasks. The results suggest that the abil-
ity to perform tasks while retaining complex infor-
mation, such as the overall structure of a contract

of selecting a model of appropriate scale based on
the task’s difficulty.

4. Related work

With the advancement of LLMs, research on nat-
ural language processing tasks in the legal do-
main has become active. In particular, numerous
benchmark datasets have been proposed to eval-
uate the legal knowledge and reasoning abilities
of LLMs, with diverse designs corresponding to
the legal systems and document formats of vari-
ous countries and languages. Below, we organize
prior research from three perspectives relevant to
our study.

Several benchmarks have been proposed to
evaluate the legal knowledge and reasoning abil-
ity of LLMs. Comprehensive surveys and datasets
such as MMLU (Hendrycks et al., 2021), Law-
Bench (Fei et al., 2024), LegalBench (Guha et al.,
2023), LegalAgentBench (Li et al., 2025), and
LexGLUE (Chalkidis et al., 2022) cover diverse
aspects of legal understanding, from factual re-
call to multi-hop reasoning and case law analysis
(Zhong et al., 2020). LEXam (Fan et al., 2025) is
built from 340 law exams across 116 law school
courses, spanning multiple subjects and degree
levels. BriefMe (Woo et al., 2025) focuses on trial
preparation tasks such as argument summariza-
tion, completion, and case retrieval. In addition,
multi-task benchmarks based on non-English le-
gal systems, including those of South Korea and
China, have also been introduced (Hwang et al.,
2022; Ma et al., 2021; Li et al., 2024).

On the other hand, benchmarks specific to the
Japanese legal domain have not received suffi-
cient attention. Therefore, in the next section, we
will review the current state of LLM evaluation in
Japanese, as well as datasets for the legal domain.
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4.1. Benchmark Datasets in Japanese

Recent studies have developed diverse bench-
marks for evaluating Japanese LLMs. The lim-jp-
eval platform (LLM-jp et al., 2024) enables unified
automatic evaluation across tasks such as clas-
sification, summarization, and reasoning, while
judge-based and judge-free approaches, including
Japanese Vicuna QA, Japanese MT-Bench, and
Judge-free Benchmark (Sun et al., 2024; Imajo
et al., 2025), leverage LLMs themselves for scal-
able assessment. Domain-specific benchmarks
have also emerged, such as FinBench for finance
(Hirano, 2024), JMedBench for medicine (Jiang
et al., 2025), JFLD for formal logic reasoning (Mor-
ishita et al., 2024), and LCTG Bench for control-
lable generation (Kurihara et al., 2025). More-
over, LawQA-JP (Digital Agency, Government of
Japan, 2025) tests understanding of Japanese
laws and regulations. Despite such progress, no
benchmark yet captures the practical context of
Japanese legal work. To address this gap, we con-
struct a benchmark reflecting real-world tasks of
Japanese legal professionals.

4.2. Complex Task Benchmarks and
Evaluation Design

In LLM evaluation, complex tasks involving mul-
tiple reasoning steps or processes, rather than
single knowledge recall or classification, are gain-
ing attention. The trend is relevant to the de-
sign of tasks like contract review, which require
multi-stage processing such as “understanding
document structure,” “interpreting clause mean-
ing,” and ’risk identification or legal judgment.”
Recent benchmarks have explored LLMs’practical
and reasoning capabilities through diverse com-
plex tasks. GAIA (Mialon et al., 2024) and Human-
ity’s Last Exam (Phan et al., 2025) evaluate gen-
eral and expert-level reasoning, while SWE-bench
(Jimenez et al., 2024) and PaperBench (Starace
et al., 2025) assess multi-stage problem solving in
realistic settings such as software debugging and
paper reproduction. Benchmarks like ProcBench,
ToolComp, and Multi-LogiEval (Fujisawa et al.,
2024; Nath et al., 2025; Patel et al., 2024) further
emphasize the importance of stepwise reasoning
and tool use. These studies have laid the ground-
work for a multifaceted understanding of LLM capa-
bilities, ranging from knowledge recall to the eval-
uation of complex reasoning processes. Existing
legal benchmarks often remain confined to assess-
ing knowledge of statutes and case law, or limited
reasoning tasks, lacking tasks that require com-
plex reasoning processes. We have addressed
this challenge.

5. Conclusion

This paper proposes a new benchmark consisting
of four complex tasks (AmendExp, StatRev, Re-
gRev, RiskRev) that align with Japanese corporate
legal practice. We analyzed leading LLMs using
both human evaluation and automated evaluation.
To clarify the outcomes of this paper, we revisit the
research questions (RQ1-3) presented at the be-
ginning and summarize the answers obtained from
our research below:

RQ1: In RegRev, which involves explicit revi-
sion instructions, all models demonstrated high
performance. In contrast, for revision tasks with a
higher degree of abstraction, such as StatRev and
RiskRev, unnecessary alterations and structural
breakdowns occurred frequently, confirming that
the nature of the task can expose the model’s
weaknesses. RQ2: A comparison with the re-
sults of general-purpose benchmarks published
by OpenAl revealed that performance degrada-
tion due to a reduction in model scale is far more
severe in the legal tasks proposed in this study
than in general-purpose tasks. The results demon-
strate that scores on conventional tasks alone can-
not predict practical performance in specialized
domains, supporting the importance of domain-
specific benchmarks. RQ3: For tasks like Amend-
Exp, which involve summarizing amendments and
their impacts, a significant correlation was found
between the two evaluation methods. For Sta-
tRev, RegRev, and RiskRev, moderate correla-
tions were also confirmed for certain aspects, with
high agreement on criteria with linguistic ground-
ing, such as the absence of unnecessary changes
and coverage. However, the correlation was weak
for aspects like document structural consistency
and the naturalness of technical terminology, mak-
ing a complete substitution difficult. Overall, our
findings suggest that automated evaluation is prac-
tical for screening or as a supplementary tool in
environments where experts are not available.

As shown above, the analysis for each research
question has concretely clarified the strengths and
limitations of LLMs. Based on this, our benchmark
provides a common foundation for evaluating LLM
performance on legal tasks by releasing the data
design, evaluation design, and experimental setup
for reproducibility.

Future Work Future research directions include
applying the language-independent framework to
other legal systems for comparative analysis, ex-
panding the dataset to support few-shot learning
and fine-tuning, and extending the tasks to addi-
tional legal documents such as complaints, legal
opinions, and internal regulations.
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6. Limitations

This study has several limitations. First, the eval-
uation was limited to three major closed-source
LLMs and did not include the open-source models
that have seen recent performance improvements.
Validation with a broader range of models is a task
for the future. Second, the dataset consists of 25
samples per task, totaling 100 samples, which may
introduce a bias toward specific contract types or
legal fields. To enhance statistical robustness, it is
necessary to expand the diversity and scale of the
dataset.
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A. Dataset Example

In this section, we present concrete examples of
the input data and gold data for each task.

AA1.

As an example of AmendExp, we show a case
related to an amendment to the Penal Code.
Information on legal amendments was obtained
from the Digital Agency’s e-Gov Law Database.
The text before the amendment (version enforced
on May 23, 2025) is available at https://laws.
e—gov.go.jp/law/140AC0000000045/
20250523_507AC0000000039 , and the text
after the amendment (version enforced on June
1, 2025) is available at https://laws.e—gov.
go.jp/law/140AC0000000045/20250601_
504AC0000000067 . Based on these, an ex-
ample output summarizing the overview of the
amendment and its impact on contracts is shown
in summary 1.

AmendExp

A.2. StatRev

As an example of StatRev, we show a case
related to an amendment to labor law. The text
before the amendment (version enforced on
January 18, 2023) is available at https://laws.
e—-gov.go.jp/law/322M40000100023/

20230118_505M60000100006, and the text
after the amendment (version enforced on April
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1, 2024) is available at https://laws.e—-gov.
go.Jjp/law/322M40000100023/20240401_
505M60000100039. Contract 1 corresponds
to the pre-amendment contract, and contract 2
corresponds to the post-amendment contract.

A.3. RegRev and RiskRev

As examples of ReqRev and RiskRev, we present
a case involving the revision of a service agree-
ment. In both RegRev and RiskRev examples,
the pre-edit contract corresponds to contract 3,
and the post-edit contract corresponds to con-
tract 4. Although the two tasks share a common
input structure, the user instructions differ: Re-
gRev uses prompt 1, while RiskRev uses prompt 2.

B. Prompt settings

Since each task was handled by different person-
nel, there are differences in implementation ap-
proaches. AmendExp and StatRev directly call
APls, while RegRev and RiskRev use LangChain.
Because the input/output formats differ among
tasks, no direct comparison was made; this dif-
ference does not affect the analysis results. For
reproducibility, all prompt templates are publicly
available.

B.1. Inference prompts

This subsection describes the inference-time
prompt settings for each task. We used prompt 3
for AmendExp, prompt 4 for StatRev, prompt 5 for
ReqgRev, and prompt 6 for RiskRev.

B.2. Evaluation prompt

This subsection describes the evaluation-time
prompt settings for each task. During evalua-
tion, task-specific legal-domain evaluation crite-
ria were applied to each task’s output, and the
evaluation LLM was instructed to produce struc-
tured outputs in JSON format with a fixed schema.
As inputs, we provided {original_prompt},
{instruction}, {1llm_response}, and the
ground-truth data { ground_truth}, enabling au-
tomatic evaluation by the LLM.

The evaluation prompts used were: prompt 7
for AmendExp, prompt 8 for StatRev, prompt 9 for
RegRev, and prompt 10 for RiskRev. We used
LangChain to generate structured output.
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Summary 1: An Example of the output for AmendExp

# WEDHE
RIBHERICE T 3 ZREOLWBRUVRTEFHEZFO LD —BORRERB 1o, BRERVRBEEFELEL THERNZ AR,

# BEICL ZZHNENDF
by oA T a VRILRHE BACEASHOENERSTZRAOICEVT, TOEALVHRICAE SNBEIETORNERKTZENEDSNTVBBELHZ. TOREICHV
T, M%) TRSE) LWSNXEHMEDNTW S, %) ICRET ZBENH S,

J
Contract 1: An example of pre-revised contract for StatRev

* BRRZNERGBRAEENE (EH8) -
ﬁiﬁ%(?ie/;;u\ (U MERE) £W5.) £ BBB (AT MEEE) tW3,) Xid. UTOrEDRAEY UT TH2K) tW3.) &MY 3.
1o (E)
ERAEE. RERZEHEL LTEAL, 22X 5 e efL. RERISEMAEOERICRVERICHB T3 L2753,
2. (BAPEE) 1. 2203 ERPROEDORVRNE T 3. 2. EEBOHMERMEAE. 2025 F 4 B 1 HL 93, 3. EMBED 5 3 HMARISHAHML T3,
3. (MEBARUEBRE) =
RERIE. TROMEBAICHVWT FLOEBSEEREDETICHVEHRICITS.
RS RRANE B EEEBULE
4. (RREFRD 1. RESOREBMIE. UTOLHED LTS, th¥E i 9 BHRE &% 18 B 2. RERRIL. 60 DL T3, 3. BAEIE. EBORENHZBAICIE. EDORERT
FHE 1 EOBRUEEEL. BEASHESTZ LN BB,
5. (kH) 1. REBOHKBAIE. UTFOLHE T3, 1) LA 2) BEA 3) FREH (12820 BH5 12831 BETATIC 1 B2 ARV 1 B3 ) 4) BROMAICKT 2ERICED
%kA 5 EROMANARBICY2 L F 3T ORA 2. EREREBFOXENHZHEICIE. AESSORBAICRESLEHERICHES . MORAZREKBLTZ DB 5.
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B, ULy atkig2) E\R AMERIAIR
7. (ES)
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1) REBOESE. BAERIL T3, 2) BAMIE. £ 350,000 LT3, 3) AFLL LTUTOODEZIRT B, 1. BEHF LB 40,000 BF T/ HHAE | BHICHL TxA 2. BEFUA
% 100,000 & T /35857 | BESHTRNICEC TRE 4) FRERMASHEICR T 2RBELOHES KR UTOLED LT3, 1. AERBNAD DAEREROHBMICHH B E5
1002, FEERN 1 78 60 BN TOHBICHH 285 1251 1B 60 BRIZBR 3 HBICHHBE5 1503, hEHE CARKBICHBLIIBE)  135%4. thEH® FREKRE G
ERBEERLC.) ICHBLIIBE)  100%5. FREE (FHR10BHNSFRISEETOM)  125%5) SR, BAKREL T2, 6) E€XIAIE. A 250 T3 (2L, AAN
SHBHOEEATAVEERTOENEERLT2.). 7) B2}, 2EEEEICTHIASH. RISRESETORTOBIIRDACHETEILS, &b, BAFHMIEREORBET
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Contract 2: An example of post-revised contract for StatRev
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Prompt 1: Inference Prompt for ReqRev
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Prompt 2: Inference Prompt for RiskRev
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Contract 3: An example pre-revised contract for ReqRev and RiskRev
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Contract 4: An example post-revised contract for ReqRev and RiskRev
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1. ZIE, BEERTOMBERESICE DS, AEARBICHBTZZ0MEE (UT MEBREE) LL5.) KHLERAZLLTO—I0EBZAES DL L. ¥BREEICNT I5ER
EHFITICAY BIET. PHEEE, REFETEZTICET I I0EESDETS.
; Zgéﬁi%ﬁ%)ﬁt\ EBRBENROBHEAFICISAZBE. ROWHL. BEMEFEICET 2R UEBREEISETSERINER 5B,
7 BARE0RH
12; Eﬁgz;:ﬁ L. FEAEBRITICVECENSERHET 3. ZRPHSRETNIAERESICHT AN ERVEREOIREZ L - (EE, RET3H0L L. FEFAEBLS OB
BICERALTRABSRL,
2. }E%_:;E#ﬁizﬁé:\ FOEBMETINEEERET ZUBNHBHE. PIIUREEREBH (UREERBBFICE T ZLBLHE. RFESELRELET.) £, PZHHEOL 2
IRETZHDOLT B,
3. BORIRIEICK D ZICIRM T 2 ERERISMEERIEEAICBI L. ATFORO RISAORIEBIEHLH > 7258, CHICK DELLZOFXEREBORITER. MAYMOZNFBEEFTORE
RIoWTE ZIREDEERND,
%EF;‘5(?%%%%)“;‘t7f:§ﬂ%ﬁ%§?&¥?§i§ﬁt’l‘§tf&af:t Tk ZIBEBHECERFICO THOETICHVIBEZOUEZIT>HDLT 3.
8 BES

5072



1. Z2IF. ZOBFEICEVT, AEAEBO—HEE=BICBEAIZ LN TES, 2L, 213 FHBEFLIBE. BERLOLGHROEMSEZRICRE L BFNEES RV,
2. FHAHIBICED 2BEALHTEY TH 3 L SENABRICK DM LIIBE. Bid. ZIC. BAEICLD ZOEHEZBENL. YXBE=BICNTIBEAOPLEEZHERTZ LN TES,
3. ZId AZWICESVWTZHRICH L TAET 20 LEFROEBE. BEARICEDERITNIRS T, it ARREBICET 2BELEDTAICOVT. BSOTALEKOEEEZE
SHDET B, L. BOEELLEBEREDOTAICOVNTIR. ZICHESEBRN B3 HEERE. BEELZEDEHL,
B9R (MARUVIRN
1. 2l RICH L. ZHEMCHROMPE TIC. ZUBEEROMANEMAT 5. ZHMAICEL. FICH L TABLRHHZBEHLIOFE. Bk, THPMCNUSBLAIThER SR,
2. i3, ZHWEMEHORERTHEETIC, BZHNEELIEATOREZTV. MAMOLUZREICERLIHE. ZICH LRESHKIIZRNT 3.
3. BiE, MAMHBIEOREICEB LA WER. ZICH LRSI LA > BN AEHZAT L EEE R L TEERIZERZRD S LA TE, ZIE BROLEDIHRRICHAY =
EHTEESEFE LS X TRICBEMAL. BAEEZIARTNIRSRL,
4. BREFTHHETICHN 2 BICESD SRABBIAERIFEROBHEHRLAEAHZICH LG TNBVEE. BAREEEQOERAICOVTEE CRENREHERRLILESZRE.
WA, AEKPAEDREICERLIEDDEHAT,
5. AERFIEDREICER LI L ZH > T MAYORINTET L L. MAMOSIELART LEbDLHBT,
F10 % (ZOTESEE)
1. MAMICEZHORB L OREED B S HE. BlE. ZITH L. YRMANORETOER. RABEROMAETED DMAZDHEICL ZBITORREHRT B LATE S,
L. 23 RICFEYABEERTHOTRV L EE. BHVBERLIAEL BB HAICL 3BITOBREET 5 LN TE S,
2. B BIEICE DHELUDBEEED TBTOBROESE L. ZOMMRICEBTOBRIRNE EE. FlE. TOTEEOREICH L TEFETROMEEZHERT 5 LN TE S,
3. ZHFZHNONB L OTBEDHZMAMEZRICF I TELISFEICEVT. BHSIELLEDS 1] EURICETOERZICBAILAVE F3, Rk, ZOTEEEERL LT, BB
FOFER. EBEAHOFAOFHR. BERMOBRRUAZOOBRZETZ LA TIR,
4. BOBEDICHIRETBRICEDZHTEANEL L SE. B3 BITOBT. XBRAHORBARIGRE. BERROFRRUZHOBRZETZ LA TIRL,
%11 & (MANOFIEHE)
1. MAYIOFFEIEIS. 59 RICEDZRNNTT LI SIC. ZH5RABIELT 3,
2. MAYDEK. SEZFOBMERIE. MARICOVTIEZH. MARICOVTERNENENEIBT 3.
B 125 WIAMOHNHEES)
1. MAMICEE S 2 E(FME (BIFHELE 27 RRUE 28 RICHE I 2HEFZET.) 3. EMAMICHO D B FEBEINOIAVDTT LERR T, RICRET 3. £iEl. ZXIIB=EN
AT SRE L TV EFER. ZXIBYZBE=FBICBRTNZDDET 3,
2. ZI3. MAMIC OV TEIEE AR ITRELBVHDE T B,
3. AEAEBRTOBRBTELCEATOMOMNMERIZ/ VNTE AT, HET MREE tW3,) ICRIFFETOMOMNMERE (FFTOMOMNMEEEZSTZHEFES
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ToicBEN BRI ZUEEICRET 30
4. Zi3 BIAICE S SHIHESERET 2158, RICHL. FOMANEZERT 30ICKXBERERICEV T YR ESOBRRIEELHHT 5. b, URFFHONMIE. FEHER
IKEFEh3,
E 135 INHEEDERSE)
1. BiE ZICELBAEREBOBTICER L TE=EH S MNHEEOBEDRI TE2RIF L SE FPHNCZICN L TRITOERRVNRZEHNY 3,
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3. Zi3. AZRAEBOBTICERT 2 E=EONNPEROBEICEL. AROEDICH SIBEEOAHZAL. TSI —IETEADR L,
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FERELTRASRV, L. ROVWTNIMNIHLET 5 L EHAATE SBRICOV TS, BEBRI SR HBDOLT B,
(1) REXISFEREZ B BICAESHRE L TUER
(2) RIEXIFBATRZR T 7 N
(3) BENFFAREZ S 1t ACOBEDICLSFTICAMER S T1ER
(4) EYBERZH T 3E=ED SWERREFZAOTICEEICEUE LIER
)
)

(5) MEBIRIC & B C L& < IMBICBIRRIIEF LB
(6) EDDREXIIHERH 2 ELRTH 5 DRTOERICED T LATIIEE 5B VIER
2. BRUZIE. HEEREAZHOBRILUSMIER L TIR5R 0.
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Prompt 3: Inference Prompt for AmendExp

User prompt

BRIIGEBOEPIRTY, HLVED - FLLESDEISNET., FTFENLCEEROHEHEL (REEN - BR - BERLABR— - RITNZIREER) . HLTEEED
{%ﬁ’;ﬁ“%iéﬁfg’é\ BB B ERORESHETTHEL TS L,
A

HULVED: {old_statute}
FLLESD: {new_statute}

[1E24R80]

-RERENRATND * AENEE  OHdEH

- RECOEN, TS EFAS, RREERLY * BHLEIILTERR "

- BROSZERNEFET 25813 T ICHROZERZ@5% * L. ZH LAaVEIRHEA LRV

- ZHB/AOKEICIE, BENTEENR (& - 8- JHEOEHAZY) &~ RIURES GRIE) ~ 2658
-EERPEENBRVEEE T(EERL)) LBHR

(]
- HARROEZ IR~ DF ** ICGEH
- BRI UTFOI-F7Oy IR~ ZBEICTS

<OUTPUT>
#EDDEER
-EEmA
-EER2

# BOB/AOHE
-EERA
-EER2
</OUTPUT>

7
| \

Prompt 4: Inference Prompt for StatRev

User prompt

HETIIRREBEWEBEMIRT Y, AVEDICESICZNEZHFLLVABICEETETILT L,
[A7]

HUWER:

{old_statute}

FLWES:
{new_statute}

EENROZHE:

{contract}

[1E224R80]

- BWEOHEE L /IS FTRERIR D #Es

- EEHUBELBREXDOHMEE (EEMRLEXIFHA LBV
-RES - RHLRTORCZHE

[ 1E4%]

- BEIE ~ MEE#ORNE: ~ OXFIH SRE

- ZOERIHUTL. * EPDHBIEXDH * EEX L LTHA
- HARRODE T TET. 27MIE—IHAL AN
<OUTPUT>

EERDZHE:

(CCIBEERDREXDH

</OUTPUT>

Prompt 5: Inference Prompt for ReqRev

System prompt

HRTNIRBKEDEBEPIRTI,
ZHEOBEILEVWTUTOMEREZBL LTI LT

[wAZH+]

- RSN TOREZ RN CRIT
- REESOBGME R ICHES

- 5| BRIAES OB BB

- EICERE TERRE G RO R

[GEE%E]

- ZHIB OIS L RIEBM Z RES

- EPINTH— S heXE

- BEER S 7 W BARE R 53
REMEOEBERRERHLTILTV.
User prompt

UTFOZIBEICHL T, BESNIBEET>TILSE L,
2%

{contract_text}

{EIEfET:
{instruction}

BESNIZHBLBEZHALTILTV.

r
\

Prompt 6: Inference Prompt for RiskRev

System prompt

HRTNIRBKEDEBEPFIRTI
ZHEOBEILEVWTUTOMEREZHBIL T LT

[B7AE ]

-EESNIZNY R ERHT B DEEZRNE S RT
- REERSOESMETRICHS

- 5| FBSRIAE S OB S BT
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- EMICIERE TR RROER
[REE%]

- ZRIEOBIE LRI Z R

- EPINTHR—SNEXE

- BBRR S OB VAR
REREOEEEREZRHEL TSV,
User prompt

UTFOZIEICH LT IBESNY RIMROBRN SEEZIT>TILE L,

ZiE:
{contract_text}

{EIEET:
{instruction}

EESNIZOELGBZERALTIEIL,
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Prompt 7: Evaluation Prompt for AmendExp

User prompt
HRTNGEREPIRIC K ZAEDWEHBAOTEZITSEMIRTT. UTFOABICOVTEHMEL T LT L,

[GRiiSEI)]
FTD 70> 7 b {original_prompt}

LLM @ [E1%: {lim_response}

[EfRT—%]
{ground_truth}
(R

TROFHHEREICEIVWTUTORRNSFHE L. BENGERZBRTI LWL

1. QEDHE - TELREECOMREN ** (02 R)

-0 FBEREERAMRBINTE ST ERELEENSHRNA TV
-1 FBEREERO—BHIMBBEIN TS, FEN BB

-2 IBREBERETHICHRLTED. 2FKEIBETES

SIBARERE * (02 =)

i BOPRERIHLHD
-1 BRIEREE A —BRICR+ORSECERLRREN % 2
-2 EEROHBENERT. ESRRORFLENTH2

3. QUEDHE - FEABOHR ** (0-2 )

- 00 REBABPEENTRVEEN S HFFNTWVS
-1t —EICRBLABRAE ENBH 2R L THAEE
-2t FERABIEENT . HRTERKSATVS

4. TOB/AOKE - HEFAOBRBIE ** (02 )

‘0 BEBICHE I ZEELFHEEZBBETITLAL

1 —EOREBREZBEL TVWED. FEHLHS

-2 REEEETDICREL. EENARELRETITVS

5. WOEADTE - HEHBOERE * (02 1)
-0 HERBICERGRO PREREHH S
BARIERED. —8BIC AR PRERL =D H B
-2t RIS OWTERICHAT N, BRIPRBHLOHETHS
6. * ZWEAOEE - FEABOHR ** (0-2 =)

-0t BRBICEHROLVRBERABRHEZCEENATVS

-1 —EBICREBARHE ENED 2R L THEER

-2 FEBABZEEY. RBICEHLLERISKRSATVS

Prompt 8: Evaluation Prompt for StatRev

User prompt
HIBTANGERIEIC & 2 ZHBBIEOFEEIT>FFIRTT. UTFORBICOVWTIHEL T LTV,

[FFE 5]

JTD 70> 7 b {original_prompt}
LLM @ [E1%: {lim_response}
[EfT7—4]

{ground_truth}

[FHEE2E]
TROFHHEREICESVWTUTORRA S L. REHGEBRZBRTI LWL

1. EIERBOFADEINYE * (02 =)

-0t FESICECEIL TU L RBERCEBEZLTWS
-1 FESO—BIRRRMEIN TV, R+ ELEFBRODHS
-2 FEABICREICER L. BRORRLEYTHS

2. ZMEEE (RESHY) HIEELTVS (01 R)
-0t OBBEDEEMUH KON TS
-1 ROBBERES LTV

3. REREEHNTNTLARLA * (01 &)
 REBEEN T TN
-1 REREENTATUARW

4. SPIFFEDIERM ** (0-2 )

-0: RBLEABRD OHZEPIMEOEAZLTVS

-1t RELEBBEE AV, FEREISBREZB<EMBEIHS
-2t BPIAENERI DBRICERINTVS

5. * ZHERS V\E L 0@ ** (0-2 =)

01 2 EILA'2 @EFTH<. OFEN - FHEETH3
Bl LA —ER@E TRV KISBRARENH 2
B LASEE T, AL DR TH S

J

Prompt 9: Evaluation Prompt for ReqRev

User prompt

HRIFZRIBBIEDTHEZ TS EBEFPIRTT. UTORBICOVWTEHEL TSV,

[FREiR ]
TTDEHIE: {original_prompt}

{EIEFET: {instruction}
LLM IZ & BETE#Z2HIE: {lim_response}

[ER7—%5]
{ground_truth}

[FHEE2E]
TROFHHEREICESVWTUTORRA S L. REHNGERZBRTI LWL

1. $ERBD OEENTNTVE D ** (02 R)

-0t BEAR OBILThTLARL

-t BEA—EEIL TN TVWA A, —SiEishTuign
-2 BENRTHIEEATLS
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2. TOEIBE (RBESHY) HEELTVS (01 H)
-0 WEEBOESENKDNATVS
-1 BWEEBIREELTLS

3. IERTN TVWAVLWREREENTATULELD * (0-1 &)
CHERINTOWARVWRBREENTNATVS
1 ERTMTOVAVWREREENENATURL, RESPEES, 5IARBICHTZIEXOZEBEHFE NS, BEETZHARRL TEELTV3IBELHFETNS.

4. FPIAEMNELEATNTVSHD * (0-2 =)

00 BB EMBICB 3R HPIMEOEVAELTVS

-1 R LB AV, EPIAEAETICERIhTUAW

-2 PIFEICE L TEMEL C BRBRRFD AL SN TVS, BRAREPLELARRICOVTRHEINS.

5. ** ZEL

B LASETICER TN TLSH * (0-2 )
-0 ZWEMNBEWE LHE GETRL

-1 ZWEMNE S WE LD —ERE TR L

-2t ZWENBSVEILALTETICALSNTVS

J

Prompt 10: Evaluation Prompt for RiskRev

User prompt

HRIFZIBBEOTHEZ TS EHFPIRTT. UTORBICOVWTEHEL T LS L,
(PR 5]

FTDEHIE: {original_prompt}
{EIEFE: {instruction}
LLM |Z & 2 EIE#ZZHE: {lIim_response}

[EfR7—45]
{ground_truth}

[FPEEAE)
TROFMAREICEIVTUTOBRRASFTMEL . EENBEBRZBRRTI LTV

1. ERBD DEEA TN TVSD ** (0-2 =)

-0t URIBEEBETATLAL

-1t UZROD—BEEETMTVLS A —BEEThTLRL
-2t URUDRTHEETNTVS

2. ZWEBE (RBESHY) NEALTLS * (0-1:7)
-0 BOEBBEOESUN KON TV
-1 RBBEREEL TV

3. FERBENTNTLAWLD * (0-1 K)
-0t REABENTNTVS
-1 AEREEATATUAL

4. FPIAEMNELFERATNTLSD ™ (0-2 =)

-0t B LMRBICARZRoIEFIAEOEVAELTVS
-1t RBLEER GV, FPIREESEDICERTNTLARL
-2 FPIAFEICEL TENRA < BRARRFENBLSNTNS

5. ZHWENHE VE LOENCERSNATNSD * (0-2 %)
- 00 ZWENASVEILLE GEYITARL

-1 ZWENAE VEI LA —ERET TRV

-2 ZWENBEVE LL L TEDICALWShTWVS
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