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Abstract

While progress has been made in legal applica-
tions, law reasoning, crucial for fair adjudica-
tion, remains unexplored. We propose a trans-
parent law reasoning schema enriched with hi-
erarchical factum probandum, evidence, and
implicit experience, enabling public scrutiny
and preventing bias. Inspired by this schema,
we introduce the challenging task, which takes
a textual case description and outputs a hier-
archical structure justifying the final decision.
We also create the first crowd-sourced dataset
for this task, enabling comprehensive evalu-
ation. Simultaneously, we propose an agent
framework that employs a comprehensive suite
of legal analysis tools to address the challenge
task. This benchmark paves the way for trans-
parent and accountable Al-assisted law reason-

ing in the “Intelligent Court™!.

1 Introduction

In recent times, Artificial Intelligence (Al) has
demonstrated a profound impact on legal appli-
cations, including the generation of legal document
summarization (Jain et al., 2023), argument min-
ing, (Xu et al., 2021) and legal case retrieval (Ma
et al., 2023; Liu et al., 2023). While recent ad-
vances focus on generating impartial and inter-
pretable judicial judgments based on established
criminal fact (T.y.s.s. et al., 2024; He et al., 2024;
Han et al., 2024). However, the premise for ensur-
ing this process is the accurate determination of
the ultimate criminal facts. The fundamental chal-
lenge remains: how to construct logically rigorous,
evidence-backed ultimate criminal facts from evi-
dentiary materials and inferred interim facts.
Accurate criminal fact determination forms the
cornerstone of judicial fairness Allen (2010); An-
derson et al. (2005); Chafee Jr (1931). However,
* Wenjuan Han is the corresponding author. The email
address is wjhan@bjtu.edu.cn

IThe code and data are available at https://github.com/
cocacola-lab/LawReasoningBenchmark

Fact Fact

Edith did not encourage
her mistress Bywaters to
kill her husband.

Edith encourage her
mistress Bywaters to
murder her husband.

In general, the elderly \
tend to dominate.

Generally speaking,
women are not inclined
to dominate.

Evidence
Edith first fell in love with Bywaters
in September, 1921, and that she had
told her husband that she had given
him cause for divorce.

'

Evidence
I recovered I saw my husband
scuffling with a man. The man
who I know as Freddie Bywaters
was running away.

Case Description: “When we got near Endsleigh Gardens a
man rushed out from the Gardens and knocked me and pushed
me away from my husband. I was dazed for a moment.

When I recovered I saw my husband scuffling with a man.
The man who I know as Freddie Bywaters was running away.
He was wearing a blue overcoat and a grey hat. Edith first fell
in love with Bywaters in September, 1921, and that she had
told her husband that she had given him cause for divorce.

Figure 1: Case “Rex v. Bywaters and Thompson” that
demonstrates different experiences have impacted differ-
ent results (LEFT vs. RIGHT). The case description and
evidence are shared, but the experiences of both sides
are different, which leads to different ultimate proban-
dum.

existing Al judges primarily address post-fact legal
procedures rather than simulating comprehensive
court processes. the fairness of adjudication fun-
damentally depends on systematic evidence anal-
ysis and fact reasoning during fact-finding phases.
Therefore, we shift focus to an underexplored fron-
tier: Law Reasoning?, aiming to bridge the gap be-
tween evidence interpretation and judicial decision-
making.

To highlight the significance of Law Reasoning,
we provide examples that are widely recognized
where different evidence and human experience
lead to different criminal facts. Recognizing these
instances is crucial for maintaining judicial justice
and public trust. Here is a notable example in
Figure 1.

*Law Reasoning is also known as evidence reasoning and
evidence analysis.
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In these cases and many others before them, it is
evident that wrongful judgments often arise due to
the misuse of experience. To mitigate this risk, we
aim to make the law reasoning procedure transpar-
ent and make the details visible through the law
reasoning process employed by judges to subject
judicial activities to social supervision, prevent the
influence of prejudice, promote social fairness and
justice, and enhance public trust in the judiciary.

In light of the essential of transparent law rea-
soning, a schema that accurately simulates law rea-
soning process is desired. Wigmore (1937) has
long proposed a diagram method for law reason-
ing. However, these diagram methods remain at
a theoretical level due to their complex structure
and numerous elements. To address this, Anderson
et al. (2005) have enhanced Wigmore’s diagram-
matic method to make it more user-friendly. Taking
inspiration from these iconographic methods, we
have adopted a modified version that enriches the
schema by incorporating implicit experience. The
modified schema shows a justification procedure
of facts made by the fact finder (Jury or judge) at a
trial. Section 2.1 provides a visual representation
and detailed explanation of the schema.

Then with the designed schema as a foun-
dation, we introduce a new challenging task —
Transparent Law Reasoning with Tree-Organized
Structures (TL for short), which aims to generate
the hierarchical and layered law reasoning structure
following the schema (for ease of understanding,
we explain the legal terms involved in Table 3 and
use them later to describe our work). In this chal-
lenge, the textual case description is input, and the
TL task is to output the law reasoning structure
where the top node represents the terminal fact.
Specifically, we formalize the TL procedure as a
tree-like structure. Each node involves a step of
reasoning from evidence to interim probandum that
need to be proven, and then from interim proban-
dum to ultimate probandum. Additionally, we con-
duct the first comprehensive and qualitative study
on law reasoning simulation at a trial by introduc-
ing a crowd-sourcing development/test dataset for
evaluation (Section 3).

In summary, our contributions are three-fold:
(i) A schema enhanced with hierarchical factum
probandum3, evidence, and experiences fusion; (ii)
A new challenging task — TL with crowdsourcing

3The factum probandum (pl. facta probanda) refers to the
fact to be proved.

Figure 2: Illustration of the schema.

data and corresponding metrics; (iii) The TL agent
utilizes a comprehensive suite of legal analysis
tools to construct tree-organized structures.

2 Task Definition

We start by briefly introducing our schema formu-
lation in Section 2.1. Then we present our task
TL from task formulation (Section 2.2) to metrics
(Section A in appendix) in detail.

2.1 Schema Formulation

The term “law reasoning” is used to describe the
process of reasoning from the case description x
to the ultimate probandum to be proved, which
determines the inductive logical nature of judicial
proof. The designed schema rigorously represent
this process, showing how ultimate probandum are
finally obtained from original evidences. The pro-
cess starts from evidences, goes through different
granularity of factum probandum, and gets the ul-
timate probandum. We introduce the schema for-
mulation in Figure 2. To make the implicit law
reasoning process transparent, all factum proban-
dum, evidence, experiences and the supportive re-
lationships between them need to be revealed. The
schema is formed in a nested tree similar to An-
derson et al. (2005), including the following four
elements:

* Evidence. Following the real judicial process,
the basic eVidence block V of the schema in-
cludes documentary evidences, testimonial evi-
dences, among others. The evidence node is the
leaf node from which legal practitioners or intel-
ligent models need to infer that certain factum
probandum did occur. vq, vy, vy € V.
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Case Description: The jury decided that Jones's version of
events was more coherent and credible, and it convicted = WG e
S Atkins of capital murder. During the penalty phase of the =%
o =
£ trial, the defense presented Atkins's school records and the 8 M @
results of an 1Q test carried out by the clinical psychologist
Dr. Evan Nelson confirmed that he had an 1Q of 59. On that
basis, it proposed that he was "mildly mentally retarded."...
—
= i I
Fact Probandum Generation Evidence Reasoning Experience Generation
. ® - ..
‘é It convicted Atkins of The jury de?'dEdfthat
b capital murder. Jones's version of events
5 waz_r::lo re coherent and Generally speaking,women
g crecible. are not inclinedto dominate.
He was "mildly mentally <
retarded.” During the penalty phase
of the trial, the defense
Death Penalty. presented Atkins's school
records ...

Figure 3: Illustration of the task. For convenience, we showcase examples for each sub-task. The output of the 3
sub-tasks is collected to form the complete law reasoning structure.

* Factum Probandum. Factum probandum
have multiple levels of granularity, including in-
terim probandum (fi, f2), penultimate probandas
(f3,f4,f5), and ultimate probandum (fg), from
fine to coarse. More coarse ones are made up
of fine ones. Fine-to-coarse factum probandum
[f1, fa, f3, f4, f5] guide a series of inference connect-
ing the evidences [v1, Ve, v3..., v,,] with the ulti-
mate probandum fg.f; € F. 4

» Experiences. Human Experience e used dur-
ing connecting evidence v and fact f, and forming
coarse factum probandum. Practitioners or intel-
ligent models may need personal experiences for
reasoning. The experiences help to explain why
the decision maker inference like this, making the
process more explicit to understand.

* Inferences. The edges r in the reasoning process,
support each reasoning step and authorize the infer-
ence from the bottom up. Inferences exist between
evidences v and factum probandum f, as well as
between different granularity of factum probandum.
Formally, r : v.— f under e.

2.2 Task Formulation

We propose our task, Transparent Law-Reasoning
with Tree-Organized Structures (TL for short),
which aims to generate the hierarchical and lay-
ered fact-finding structure from the unstructured
textual case description, as shown in Figure 3. The
law reasoning structure should follow our designed
schema, but we limit facts to only the two dimen-

*Facts are renamed as propositions in some legal articles.

sions of Interim probandum and ultimate proban-
dum due to the difficulty of identification and label-
ing. Formally, we aim to find a model M, which
takes the textual case description® x = (1, ..., Tp]
with n tokens as input and predicts the law rea-
soning structure y, i.e., y = M(x). Note that,
the ground-truth structure is labeled following the
schema defined in Section 2.1. In detail, TL in-
cludes four sub-tasks according to its three ele-
ments (i.e., factum probandum, evidences, experi-
ences, and inferences). We introduce each sub-task
as follows:

Sub-task I: Factum Probandum Generation
Aim to generate the factum probandum F that
comes from a case description X, including interim
probandum, and ultimate probandum. Among them
interim probandum can be extracted from the case
description and ultimate probandum should be gen-
erated in other ways. Figure 4 shows an example
to locate interim probandum in a case description.

Sub-task II: Evidence Reasoning Aim to spec-
ify the evidence that supports the interim proban-
dum. For each interim probandum, multiple pieces
of evidences are directly extracted from the case
description.

The sub-task aims to find a model V, which takes
the case description x and factum probandum query
gr as input to extract the corresponding v;, i.e.,
vi = V(x,q¢). So this sub-task actually corre-

5The case description is a brief account of the case, usually

including the times, events, actions, or behavior of each party,
and any other important details that are relevant to the case.
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Case Description: it is necessary, as shortly as possible, to
review some of the facts of this essentially commonplace and
unedifying case. The appellant, Edith Jessie Thompson, is
twenty-nine years of age. She is the daughter of a Mr.
Graydon, and seven years ago she married Mr. Percy
Thompson, the man now dead, the only person who in this
case excites any sympathy...

Input

Interim Factum Probandum: The appellant, Edith Jessie
Thompson, is twenty-nine years of age. She is the daughter of
a Mr. Graydon, and seven years ago she married Mr. Percy
Thompson, the man now dead, the only person who in this
case excites any sympathy.

Location in Description: [15, 16]

Output

Figure 4: Illustration of the factum probandum genera-
tion.

Case Description: Mr. Clevely struck a match, and Miss
Pittard asked Mrs.Thompson what had happened; and the
appellant answered, “Oh, do not ask me; | do not know.
Somebody flew past, and when | turned to speak to him blood
was pouring out of his mouth.” A few minutes later Dr.
g/lagdsley arrived, and he found that Mr. Thompson was
ead....

Input

Evidence: The appellant, Edith Jessie Thompson, is twenty-
nine years of age. She is the daughter of a Mr. Graydon, and
seven years ago she married Mr. Percy Thompson, the man
now dead, the only person who in this case excites any
sympathy.

Location in Description: [43, 43]

Output

Figure 5: Illustration of the evidence extraction in sub-
task 2.

sponds to the evidences and references elements in
the schema.

This task can be divided into two sequential
steps: the first step involves extracting evidence
from the case description, and the second step en-
tails linking the extracted evidence to the interim
probandum.

Figure 5 shows an example of step 1. Each ev-
idence v; is a span [ps, pe], with ps, p. indicating
the beginning and ending position in the case de-
scription. The evidence is localized at the sentence
level.

The process of step 2 is shown in Figure 6. We
contribute the relationship between the evidences
extracted from the case description in the previous
step and the interim probandum. If the interim
probandum can be inferred from the evidence, we
consider that a connection exists between the evi-
dence and the interim probandum.

Sub-task III: Experience Generation Aim to
reveal the human experiences e between the evi-
dences v and the interim probandum f. Figure 7
shows an example.

3 Dataset Construction

We construct a high-quality dataset of case de-
scriptions with multiple levels of annotated factum
probandum, evidence and links with correlative
factum probandum, and the involved experiences,
which follow our schema and show the explicit
path of the law reasoning process. This section

Interim Factum Probandum:Edith incited Freddie to murder
her husband.

Evidence:| wrote to Freddie, and were written to him without
my husband’s consent. When he was at home in England, we
were in the habit of going out occasionally together without
my husband’s knowledge.

Input

Can the Interim Factum Probandum be inferred from the
evidence?

True

Output

Figure 6: Illustration of the evidence reasoning in sub-
task?2.

Interim Factum Probandum:Edith incited Freddie to murder
her husband.
Evidence:| wrote to Freddie, and were written to him without

Input

my husband’s consent. When he was at home in England, we
were in the habit of going out occasionally together without
my husband’s knowledge.

Did experience help in the reasoning?
Yes
What the experience is used in the reasoning?

(a) older women tend to dominate, (b) older women are
insecure.

Output

Figure 7: Illustration of the experience generation.

delves into the details of the crowd-sourcing con-
struction, statistical analysis and quality control(in
Section B and Section C). We utilize publicly avail-
able data and implement strict controls over the
annotation process. You can get more details on
bias and ethical considerations in Section D from
the appendix.

3.1 Crowd-Sourcing Dataset

We collect the unannotated data from China Judge-
ment Online Website and each sample from the
unannotated data describes a real-world case. Then
we employ a two-phase methodology inspired
by the Wizard-of-Oz technique (Kelley, 1984;
Dahlbéck et al., 1993) to gather the annotated
dataset.

In the initial phase, we employ law professionals
to pre-annotate 15 cases and assess the quality of
their annotations. This helps us ensure the relia-
bility of our labeling methods and summarizes a
set of tips for labeling and testing quality. In the
second phase, we train and certify a large group of
crowd-workers through tutorials and qualification
tests developed during the first phase. We pay them
the local average hourly wage.

We create a web-based survey using Label Stu-
dio®,a data labeling platform that allows workers
to annotate and refine unannotated data. We train
workers with a comprehensive set of instructions
and expert-level annotation cases to fulfill annota-
tion standards.

During the refinement stage, we will present
workers with the original description of a single
case along with the corresponding factum proban-

Shttps://labelstud.io
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dum, evidences and links, and experiences obtained
from Stage 1. Workers are requested to relabel the
data with the inference of labeled data annotated
by LLMs. This helps accelerate the labeling speed
and does not cause any false negatives.

We utilize an automated mechanism and adhere
to the schema concept outlined in Section2.1. We
employ a prompt-based approach to effectively
simulate human experiences in inferring interim
probandum from criminal evidence in sub-task3.
Subsequently, annotators refine the human-like an-
notations generated by the LLMs to enhance the
accuracy and reliability of the results.

3.2 Dataset Statistical Analysis

We randomly select cases and split train-
ing/validation sets. Specifically, to select original
cases. We organized the data based on the judicial
case reference level and randomly chose cases rang-
ing from guiding cases (higher quality) to typical
cases (high quality) to maintain the dataset’s qual-
ity and diversity. Prior to annotation, we divided
the dataset into a training set, a validation set, and
a test set. Texts included in the test set were ran-
domly picked from both guiding and typical cases,
while the remaining cases were randomly assigned
to either the training or validation sets. The data in
the test set underwent comprehensive manual an-
notation to guarantee the accuracy of the annotated
information.

The collected data comprises 453 cases, 2,627
factun probandum, 14,578 pieces of evidence, and
16,414 experiences. The total number of tokens in
the dataset is 6,234,443, The data statistics of the
dataset are shown in Table 1. It is noteworthy that,
we can construct an instruction dataset with a scale
exceeding 40,000 samples, which can be utilized
for fine-tuning LLMs.

Train Val Test
# Instances 253 100 100
# Tokens 3,877,780 | 897,916 | 1,458,747
# Ave. Evidences 36.05 15.30 39.28
# Ave. Facts 6.77 3.47 5.67
# Ave. Experiences 37.77 18.63 44.5
# Ttl. Evidences 9,120 1,530 3,928
# Ttl. Facts 1,713 347 567
# Ttl. Experiences 9,550 1,863 4,450

Table 1: Data analysis of the collected data. Ave.: Aver-
age. Ttl.:Total. #: The number of -.

4 Approach

For the task, we propose our Knowledge-enhanced
Transparent Law Reasoning Agent (TL Agent).
This approach, which see the whole law reason-
ing process as a tree structure, adheres to the es-
tablished analytical approach employed by legal
professionals.

As illustrated in Figure 8, the left side of the
diagram depicts the user’s input and the agent’s
output, the middle section outlines the fundamental
workflow of the agent, and the right side present
the main toolkit of the agent.

The task objective and corresponding case infor-
mation are input into the agent, which, based on the
tool manual’s instructions, progresses through the
stages of thinking, reasoning, and planning. Sub-
sequently, the agent selects the appropriate tools
from the toolkit to accomplish the task. To enhance
the quality of the outcome, the agent analyzes the
returned results to determine if additional tools are
necessary to improve accuracy. This process con-
tinues until the agent deems the results satisfactory,
at which point it invokes the finish tool to conclude
the task.

In the following sections, we will delve into the
details of our agent toolkit in Section 4.1 and agent
strategy in Section 4.2. The prompt design details
of each tool can be referred to in Section E in the
appendix.

4.1 Designed Toolkits

Fact Finding Head The toolkit is designed with
various tools for handling legal documents based
on different task objectives in Section 2.2, includ-
ing fact extraction tool, evidence extraction tool,
fact-evidence linking tool, experience generation
tool, etc. These tools define the task objectives,
task rules, and json output format in the prompt to
ensure that the task results are output in parallel
when the tools are called, to ensure the accuracy
and efficiency of the output results, and at the same
time to facilitate the subsequent analysis and pro-
cessing of the results by the model or the user.

Knowledge Search This toolkit contains different
vector databases, which can retrieve similar texts
in the vector database based on the input query to
assist in determining whether the text meets the
task objective. The tools in this toolkit have two
steps. The first step is to retrieve similar texts based
on the query, and the second step is to input the
similar texts and the query into the LLM to compre-
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Task Goal: please strictly follow the following
requirements from the legal documents to extract the
complete information on the criminal evidence.

Case Info: | was dazed for a moment. When | recovered
| saw my husband scuffling with a man. The man who |

know as Freddie Bywaters was running away ... Thinking

Agent Brain

JOR- R

Reasoning

Fact Finding Head

Toolkit containing tools for intelligent
Jjudicial analysis, such as fact finding
tool, evidence extraction tool and etc.

i%

Planning Knowledge Search
This tool can be called to find similar

-—
text based on vector similarity and

Agent Output:

Agent Brain: This is an evidence extraction task. Firstly,
the evidence extraction tool needs to be invoked to
extract the evidence in the text...

Tool Response: | saw my husband scuffling with a man,
The man who | know as Freddie Bywaters was running
away ...

— s L Ms | —
\J Result

further verify whether the task result is S Ny

accurate.

—
MultiRole Checker

The Mock court propose topics based
on the task results. Different roles
analyze the problems from their
perspectives and propose solutions.

Legal Knowledge

Agent Brain: Now | have extracted the relevant
evidence in the text and need to call the knowledge
search tool to find similar reference texts to further
determine whether the extracted evidence is correct.

Tool Response: ......

. Tool manual
Agent Brain: | have successfully extracted the evidence
in the case text. Call the finish tool to end the task....

[ —p
Toolkits Tool

Agent Toolkits

Legal knowledge related to the task
objective, including the definition of

1 Select tool
legal items, and relevant examples.

Reflection

This tools can reflect on the former task
result based on relevant knowledge and
update the task results precisely.

Figure 8: Illustration of our approach.

hensively determine whether the query conforms
to the task objective.

For example, in the extraction task of factum
probandum generation, we first use the extracted
interim probandums as the query to retrieve similar
texts in the vector database. Each similar text has a
corresponding binary classification label. True in-
dicates that this text belongs to the interim proban-
dums, and False indicates that this text does not
belong to the interim probandums. If there are
more texts belonging to the interim probandums
among the similar texts, the LLMs is more inclined
to consider the input query as a interim proban-
dums.

MultiRole Checker The agent will throw out is-
sues based on the task objectives and task results in
the previous step and provide them to this toolkit.
The LLMs in this toolkit will respectively play dif-
ferent roles such as lawyers, judges, and police
officers, analyze the issues from different perspec-
tives, provide suggestions for solving the issues,
and vote to determine whether the quality of the
task completion is excellent.

Legal Knowledge Legal knowledge related to the
task objective, including the definition of legal
items, legal provisions and relevant examples.
Reflection This toolkit can reflect on whether the
task result is accurate based on the task objective
and the knowledge of other tools. It is mainly used
as a middleware for the invocation of other tools,
which can effectively ensure the consistency of
the task output result and the accuracy of the task
result.

There are some other tools used by our agent.
Compared with the above-mentioned tools, these
tools may be used less frequently.

Emotion Check This tool can determine the senti-
ment of the input text. There are three labels: posi-
tive, negative, and neutral. In factum probandum
generation, it can be used to discriminate whether
the generated facts contain sentiment to ensure the
objectivity and neutrality of the generated facts.
Pattern Match This tool can automatically pre-
analyze the required knowledge, rules, and text
features that meet the task objective.

Finish When the agent judges that the generated
result meets the task, this tool is called to finish the
task.

4.2 Agent Strategy

To guide LLMs to leverage these powerful tools
properly, we develop agent strategies to efficiently
complete our task objective. Our agent’s strategy is
a ReAct-like (Yao et al., 2022) strategy. This strat-
egy prompts large language models (LLMs) to gen-
erate reasoning traces and task-related actions in
an interleaved manner. Depending on these actions,
LLMs choose appropriate external tools and call
them by supplying relevant inputs. Subsequently,
this strategy regards the outputs of the tools as ad-
ditional knowledge and determines whether to call
a final tool or other tools for further processing.

Specifically, after each invocation of knowledge-
based tools (excluding the reflection tool) 1 to 2
times, The LLMs will call the reflection tool to
conduct reflection and update the task results by in-
tegrating the previously obtained knowledge. This
approach can not only ensure that the results re-
turned by the knowledge-based tools are fully uti-
lized, thereby improving the accuracy of the task
results, but also maintain the consistency of the
format of the task results.
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Approach Task I Task I1 Task III All
PP Stact-]  Sact-2 Stac-l | Pre  Rec  Fow | Sewpl Seap-2 Semp-l | S
ChatGLM-6B 1826 670 158 | 3.65 742 489 | 20.69 476 122 | 11.54
LexiLaw 1865  7.59 1598 | 251 1297 420 | 1660 3.58  13.80 | 12.56
Lawyer Llama v2 2152 960 18.89 | 1.45 580 223 | 1155 2.8 540 | 10.56
ChatGLM-6B finetune | 29.30  19.11 2682 | 595 23.56 950 | 23.12 426 19.17 | 14.37
Lexilaw finetune 2991 2040 2657 | 887 27.09 1337 | 1937 241  16.69 | 23.46
Qwen-6B finetune 306 213 2754 | 802 1121 934 | 1121 934 1345 | 20.52
Spark 4.0 Ultra 2561 1333 2233 | 762 666 711 | 2354 544 1831 | 24.63
ERNIE-4.0 Turbo-8k | 26.83  13.16 2237 | 526 7.66 624 | 287 853 2231 | 26.38
Qwen-max 2501 12,60 21.53 | 1228 1590 13.85 | 27.84 683 21.25 | 30.94
GLM-4-plus 2323 1033 1970 | 9.65 1896 1278 | 2575 561  20.60 | 26.43
Deepseek-v3 2947 1489 2573 | 1074 19.10 1375 | 31.61 921 2553 | 30.35
Claude-3.5 28.69 1447 2543 | 294 479 364 | 1989 182 1554 | 23.92
GPT-4o-mini 2898 1492  25.16 | 448 13.04 6.69 | 27.6 577 2171 | 24.69
GPT-4o 2986 1643 2644 | 972 19.84 13.05 | 2871 731  22.36 | 25.74
TL Agent | 3299 1803 2875 | 1038 40.73 1653 | 3092 866 2481 | 31.50

Table 2: Comparison between our approach and baseline models. We use the comprehensive score to assess the
whole structure. S.: Comprehensive score. We also list the performance of three sub-tasks. The numbers -/, -2, and
-l after S correspond to Rouge-1, Rouge-2, and Rouge-1 in the formula respectively.

5 Experiments

Our agent has been rigorously compared against
several classic LLMs available on the market, as
detailed in Section 5.2. Additionally, we conducted
a comprehensive comparison with state-of-the-art
reasoning models, including ol and r1, as discussed
in Section F. To further validate the effectiveness
of our tools, we performed an ablation study, the
results of which are presented in Section G. These
comparisons and analyses collectively demonstrate
the robustness and superior performance of our
agent in various tasks and scenarios.

5.1 Setup

Dataset The test set in our experiments uses
the dataset we constructed in Section 3.2. The
constructed training and validation set is used for
fine-tuning the model. We split each case con-
tent into multiple fragments, with the length of
the content being no more than 1500 tokens, and
then constructed an instruction dataset including
Sw samples with the corresponding evidence, fac-
tum probandum and experiences. The constructed
dataset is used to finetune LLM.

Metrics For task 1, task 3, and the comprehen-
sive evaluation (All), the results are assessed using
a modified version of the rouge scoreFor task 2, the
evaluation is conducted based on precision, recall,
and f1 metrics. The definitions of these metrics are
provided in Section A.

Agent Setting The base model used by the agent
is 40-mini’. The basic parameters of the model are
temperature of 0.6, max_tokens of 8096, top_p of
1, frequency_penalty of 0, presence_penalty of 0,
and number_of_results of 1. The vector database
used by the Agent is chroma®, the vector model
is bge-large-zh-v1.5%, and the database is Postgre
SQL 16'°.

Baselines We compare our approach with strong
baselines:

The first group of baseline models comprises
models with fewer than 13B parameters, which
have not undergone fine-tuning using the task-
specific TL dataset. Notably, the ChatGLM-
6B (Du et al., 2022) model has not been fine-
tuned on the legal domain dataset. The Lexi-
law (Haitao Li, 2024) model, however, is a variant
of ChatGLM-6B that has been fine-tuned with le-
gal domain-specific data. Similarly, the Lawyer
Llama v2 (Huang et al., 2023) model is an out-
standing open-source Chinese legal LLMs and the
model is a fine-tuned version of the Llama3 model,
adapted to the legal dataset.

The second group encompasses models that have
been fine-tuned using the TL dataset. Specifically,

"https://platform.openai.com/docs/models/gpt-4o-mini-
2024-07-18

$https://www.trychroma.com/

*https://huggingface.co/BAAI/bge-large-zh-v1.5

Ohttps://www.postgresgl.org/
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instruction datasets, as described in Section 5.1,
were used to fine-tune the ChatGLM-6B, Lexilaw,
and Qwen (Yang et al., 2024) models, producing
their respective fine-tuned variants.

The third group consists primarily of API-
accessible LLMs, which have been trained pre-
dominantly on Chinese language corpora. This
group includes models such as Spark 4.0 Ul-
tra'!, ERNIE-4.0 Turbo-8Kk, Qwen-maxlz, GLM-
4-plus'?, and Deepseek-v3 (DeepSeck-Al et al.,
2024).

The fourth group features API-based LLMs
trained primarily on English corpora, including
Claude-3.5, GPT-40-mini, and GPT-40 '4.

To ensure optimal performance for various tasks,
specific prompts have been designed to guide these
API-based LLMs in completing TL tasks effi-
ciently.

5.2 Results

Comprehensive Score. It can be observed from
Table 2 that TL agent not only addresses the issue
of producing the irrelevant experiences but also en-
hances the precision of the extracted evidence and
generated factum probandum by incorporating sup-
plementary legal knowledge and legal processes.
Factum Probandum Generation. As shown in
Table 2, our agent model, through multi-step rea-
soning and tool utilization, effectively extracts in-
terim probandum from text and generates ultimate
probandum. By employing our agent, even with
the base model being 40-mini, we achieve perfor-
mance surpassing that of the gpt-4o0 model. No-
tably, a smaller model with 6B parameters, after
fine-tuning on the TL dataset, demonstrates capa-
bilities comparable to, or even exceeding, those
of LLMs. Additionally, we observe that among
the 6B parameter models not fine-tuned on the
TL dataset, those fine-tuned with legal knowledge,
such as Lexilaw and Lawyer Llama, outperform the
ChatGLM model, which lacks such legal knowl-
edge fine-tuning.

Evidence Extraction. TL agent demonstrates en-
hanced precision in extracting evidentiary state-
ments from text and establishing accurate corre-
lations between evidence and interim probandum.
Furthermore, the results indicate that all models

https://xinghuo.xfyun.cn/

Phttps://qwenlm.github.io/blog/qwen2.5-max/

Bhttps://bigmodel.cn/

“https://platform.openai.com/docs/models/gpt-40-2024-
08-06

face significant challenges in tasks involving link-
age identification between evidence and interim
probandum. Our agent and baseline models exhibit
a propensity to associate evidence with interim
probandum redundantly, irrespective of the exis-
tence of a substantive inference relations, which
consequently results in lower precision metrics
across all models. This phenomenon underscores
the inherent complexity and challenge of the task
at hand.

Experience Generation. Our agent model is capa-
ble of generating precise human-experience-based
information necessary for inferring interim proban-
dum from evidence, achieving performance com-
parable to that of DeepSeek-V3.

From the experimental results, it is observed
that although some models (such as ChatGLM-6B
fine-tune) have been fine-tuned for Task 3, their
performance on Task 3 still does not surpass that
of LLMs accessed via APIs (such as Deepseek-
V3, GPT-40-mini, and GPT-40). This suggests that
Task 3 relies on extensive commonsense knowl-
edge and social experience, which are inherently
embedded in larger-scale LLMs.

6 Conclusion

Artificial Intelligence legal systems currently face
challenges in law reasoning. To address this issue,
we propose TL agent for law reasoning. By follow-
ing two key steps: schema design and establishing
tree-organized structures process (i.e., evidential
reasoning), we can develop an abstract, systematic,
and formalized reasoning process for law reasoning
tree based on unstructured data. This law reasoning
system can serve as a foundation for the advance-
ment of Al legal systems, enabling them to make
judgments transparent.

To ensure transparency in the judge’s decision-
making process, it is important to visualize the
experience relied upon and the intermediate conclu-
sions reached at each step of reasoning and judg-
ment. This serves as a helpful reminder to the
judge of which experience was utilized in each step,
thereby mitigating the inherent risk of personal bias
and enhancing the accuracy of law reasoning along
with the final judgment. Our contribution in terms
of task formulation, dataset and modeling pave the
way for transparent and accountable Al-assisted
law reasoning.
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Limitations

Although TL agent has yielded impressive results,
the underlying reasons for these outcomes have not
been thoroughly investigated. Moreover, the use of
open-ended natural language as prompts presents
both advantages and challenges. Successful extrac-
tion often necessitates domain expertise to design
schema and can be a time-intensive process.
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identities of participants remain confidential.
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A Metrics

Metrics for Factum Probandum Generation. We
use the Rouge F score, which is commonly used
for text summarization tasks. For each case, the fact
set provided as ground truth is represented as F* =
£, £5, ..., £*], while the prediction set generated
by a model is denoted as F = [fy, fs, ..., f,;,]. The
metric can be defined using the following formula:

n

1 *
Stact = e 1 gg%c(Rouge(fi,fj))
1=

Metrics for Evidence Reasoning. The F,,; metric
measures how well a model extracts relevant evi-
dences to support its factum probandum. It does
this by comparing the model’s predicted evidence
spans to the actual ground-truth evidence spans
and penalizing for both missing important evidence
and including irrelevant information. Thus, each
piece of evidence can be linked to specific factum
probanda it supports. These connections are rep-
resented by triples (factum probandum, relation,
evidence). Think of an arrow pointing from the
evidence to the factum probandum. The model
predicts some evidence to support the ground-truth
facta probanda, resulting in triples. F,; focuses on
the macro F}-like metrics, meaning it only cares
about how accurate the model’s chosen triple is.
The more overlap between predicted and ground-
truth triples, the higher the score. Fy,; is formu-
lated as:

k *
> e 1L N L
%
> iz Ll
k *
D ieq 1Ly N L
k *
>t 1L

Pre =

Rec =

2. Pre- Rec

Pre + Rec
For each case, the triple set provided as ground
truth is represented as L. The prediction set gen-
erated by a model is denoted as L;. We use set
intersection (M) to identify the overlap between
the predicted and ground-truth set. « is a hyper-
parameter to balance between Pre and Rec. k is
the number of cases. | | returns the number of the
element in the set.
Metrics for Experience Generation. The metric
for experience generation considers two aspects.
First, we should consider whether the experience
needs to be generated as a component to achieve
the interim probandum. It is a binary classification
problem and we measure accuracy as the metric.
Then, we consider the quality of the generated expe-
rience using Rouge F. The experience alone does
not support an interim probandum. The following
formula defines the process.

Fevi =

1 e; =¢; = None
Rouge(e}, e;) else

Reap(cl 1) = {

t
1 *
Sexp — ; Z Rexp(ei ) ei)
=1

t is the number of generated experiences. e is

(2
the ground-truth experience quadruple (fact, rela-
tion, evidence, experience). e; is predicted experi-
ence quadruple. e; = None means that the rela-
tion from the evidence to the interim probandum
doesn’t require additional experience. If either e
or e; is not equal to None, Rz is set to 0.
Comprehensive Score. The three metrics men-
tioned above pertain to the sub-task level. To evalu-
ate the comprehensive score, it is important to con-
sider the overall quality of the structure, in addition
to the necessity of each sub-task. The Comprehen-
sive Score (S,) is calculated as follows:

1
Rougegym = §(Rouge(dm, d;,)+
Rouge(d,,d}))

'fq =arg gl&)g(Rougesum (rp> I'Z))

q€Y;
1 [vi]

Z(Rougesum(rp, Iqe)+
p=1

Rezp(ep, eq))

maz([yi], [y;])
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Term

Definition

Factum Probandum

Interim Probandum

Ultimate Probandum

Criminal Evidence

Human Experience

The fact that must be proven. It’s used in legal contexts to refer
to a fact or set of facts that one party in a case must establish in
order to prove their claim or defense.

The provisional or temporary facts to be proven. It refers to facts
that are temporarily or provisionally considered to be established
for the purposes of an ongoing legal proceeding, pending further
evidence or a final ruling.

The "ultimate fact" or the final fact that must be proven in a case.
It is the core fact or facts that are central to the resolution of the
legal issue at hand. The ultimate probandum is the fact that, if
proven, will ultimately decide the outcome of the case.

The information, objects, or testimony presented in a court of
law to prove or disprove the factum probandum.

The understanding of human behavior, societal norms, and prac-
tical reasoning to resolve disputes and administer justice. It play
significant roles in evaluating evidence, determination of factum
probandum and making judicial decisions.

Table 3: Legal Terms

k
Se=>Y_8
i=1
yi is the predicted fact-finding structure. y; is
ground-truth structure. Each y; include two ba-
sic elements, nodes d (d € {f,v}) and relation r,
which connect between node d,,, and node d,,. ||
denotes the number of relations in structure y.

=

B Quality control

Since labeling is a task without formulaic stan-
dards, we employ multiple methods to control the
annotation quality.

Data Source We use data from China Judgement
Online Website'>, which assures our case descrip-
tions are following a relatively fixed logical struc-
ture. This reduces the difficulty of labeling, even
that amateurs can also understand the idea of the
annotation after receiving a little training.
Workers and Payment We restrict the workers to
those in law schools. Their research direction is
highly aligned with the topic of our paper.

In particular, we recruited a total of 45 students,
with an hourly labor compensation of $ 7.5. The
average labeling time for each annotation is 55
minutes, and the verification time is 20 minutes.
On average, each annotator was assigned to 15.1
annotations, and the reviewer was assigned to 30.2

15https://wenshu.court.gov.cn

annotations. The total labeling duration is 566.25
hours, and the total labor cost paid is $ 4246.9.

Training and Pre-labeling Prior to annotation,
we referenced examples from three expert-level
academic papers for theoretical guidance. We ref-
ered to the book(Anderson et al., 2005) for anno-
tation. Additionally, we enlisted law professors to
pre-annotate 15 cases as examples for annotators
to follow. Pre-annotation training sessions were
also organized to help annotators understand the
tasks and perform accurate annotations. During
the initial stages, we identified and addressed is-
sues in the annotation process to improve overall
quality. We implemented strict validation checks
and trained annotators on expert-defined guidelines
to ensure consistency in future iterations. Then,
we scaled the annotation process to larger datasets
while maintaining accuracy.

Annotation Process On average, there are 3 work-
ers assigned to each annotation. During the la-
beling process, two annotators are responsible for
labeling, while the third skilled worker verifies the
evaluation results. In cases where there are dis-
agreements among the two labeling workers, we
collect the data and mark the disagreements. Any
samples that have conflicting results are reviewed
manually by another law professional. We also con-
trol the quality of workers by excluding the results
made from workers whose work constantly appears
to be inadequate. Other quality control measures
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are implemented too. Prior to survey submission,
the refined data will be examined by the Label Stu-
dio to verify the edits made by the workers. If
incomplete sentences are identified, a message will
be displayed, prompting workers to review their
work.

In these ways, our labeled results show great re-
liability. After careful review, the inter-annotator
agreement scores (specifically, inter-rater Spear-
man and Pearson Correlations) are found to be
above 0.93, indicating a strong consensus.

C Dataset Reliability Analysis

We assess the reliability of our new dataset through
manual review. Human workers were enlisted to
assess whether the labeled data is aligned with
the requirements and adhered to the schema. A
multiple-choice questionnaire was created, consist-
ing of fifteen labeled samples for scoring. The
questionnaire included three possible responses:
correct, neutral, and incorrect. Workers were asked
to indicate whether the labeled samples were cor-
rect. Each participant received a compensation of
approximately $8.5 per hour. The results showed
that the majority of the workers found the labeled
samples to be correct (ratio of correct 95%). This
indicates that the labeled data aligns with the re-
quirements and adheres to the schema.

D Bias and Ethics Statement

We use data sources that have been published on
the official website. Although the case descriptions
involve names, they do not contain key privacy
information such as user contact information and
identity ID. Note that if there is private information
in the cases data, the parties can apply to the court
to prevent its disclosure. Therefore, our dataset,
based on publicly available data, does not involve
an invasion of personal privacy.

All the participation in this study is completely
voluntary, and the confidentiality and privacy of all
participants will be diligently protected. In addi-
tion, in the process of manual labeling, we show
the full content of the case description to the man-
ual annotator, in order to prevent potential biases
resulted from the LLM automatic labeling. We
used legal professionals to conduct a test label and
legal experts to assess whether bias was included.
All annotators are trained to consciously avoid bias
and unfairness.

We aim to use our methods to assist in case ad-
judication and to support the public. While we
explore a clear process for determining facts, this
does not imply that we encourage the use of LLMs
to make final case decisions.

E The Toolkits Detail

E.1 Thought Process

The thought process and tool selection of the Agent
are primarily controlled by LLMs, with the corre-
sponding prompt illustrated in Figure 9. The first
line clearly defines the problem the Agentis solving,
the second line outlines the tool selection strategy,
and the third line determines the termination con-
ditions for TL Agent. Following this, the {Goals}
field is used to input the objectives of the task along
with relevant textual content. The {Tools} field
enumerates the tools available for selection by the
large model. The descriptions of these tools are
generated by converting tool classes into textual
representations using the Pydantic module, which
includes the tool class name, class function, and
the required input arguments.

Finally, the output format of the model is de-
fined as a JSON-compliant string that can be suc-
cessfully parsed by Pydantic. The returned JSON
string include a "thinking" field for the model’s re-
flections, which encompasses the thought content
(text), reasoning (reasoning), and planning (plan)
among other fields. The "tool" field specifies the
name of the tool (name) to be invoked at the current
step and the parameters to be passed (args).

This structured approach ensures a systematic
and efficient decision-making process within the
realms of artificial intelligence and deep learning,
facilitating advanced computational tasks and anal-
yses.

E.2 Fact Finding Head

The Fact Finding Toolkits comprise five distinct
tools, each specifically designed for different TL
subtasks. These tools are capable of generating re-
sults in parallel and formatting the outputs, thereby
enhancing the operational efficiency of the Agent
and improving the quality of task results. More-
over, they facilitate the effective utilization of the
Agent’s results in experimental testing scenarios.
The first two tools are utilized in Task 1. The
Interim Probandum Finding Tool generates an In-
terim Probandum based on the content of legal doc-
uments, while the Ultimate Probandum Generation
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You are TF agent, an AI assistant to solve complex legal problems.
It is necessary to call various tools according to different task objectives and complete the

objective as accurately as possible.

If you have completed all your tasks or reached end state, make sure to use the "finish" tool.

GOALS:
{Goals}

TOOLS:
{Tools}

Respond with only valid JSON conforming to the following schema, You must generate JSON as

output and not JSON schema:

{
"type": "object",
"properties": {
"thoughts": {
"type": "object",
"properties": {
"text": ...... )
"reasoning":

"tool": {
"type": "object",
"properties": {

"name":

Figure 9: The thought prompt of TL agent .

You are a professional legal documents analysis assistant,
please strictly follow the following requirements from the legal documents to extract the

complete information on the criminal evidence:

1. Position principle
{Position-Principle}

2. Specification
{Specification}

{Goals}

Respond with only valid JSON conforming to the following json schema. You should generate JSON

as output and not JSON schema.
{Json-Format}

Figure 10: The evidence extraction prompt of TL agent .

Tool produces the final Ultimate Probandum from
the obtained Interim Probandum. Tools three and
four are applied in Task 2; the Evidence Extraction
Tool extracts criminal evidence from legal docu-
ments, and the Evidence Linking Tool connects the
criminal evidence related to the Interim Proban-
dum. The Experience Generation Tool is employed
in Task 3, which generates human experience from
evidence reasoning to Interim Probandum.

These tools are driven by LLMs, and the cor-
responding prompts are illustrated in Figure 10.
Taking the Evidence Linking Tool as an exam-
ple, the function of tool is clearly stated at the
beginning. The {Position Principle} field in-
forms the model of the potential positional and
textual characteristics of the evidence, and the

{Specification} field provides detailed specifica-
tions for the model’s output. Finally, the model out-
puts a string that conforms to the {Json-Format?}
based on the objectives {Goals}.

This structured approach ensures that the outputs
are precise and tailored for further analysis and
application in the fields of law.

E.3 Multi-role Checker

The Multi-role Checker is designed to address
issues raised by the Agent by providing solu-
tions through analyses comment from different
roles . These analyses are synthesized based on
the task objectives and the results generated by
the TL Agent in previous steps. The Multi-role
Checker tool operates in two main phases: the
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Given the following overall objective
Objective:
{Goals}

and the following issue that is the topics for the discussion, “{Issue} .

and the following legal text that needs to be discussed, “{Legal Text} .

You are a professional lawyer who is familiar with and proficient in relevant laws
and regulations, case law and judicial interpretation. You are able to analyze

the facts of a case through logical reasoning, identify key points of application
of the law, and predict possible legal consequences.

You need to approach the objective from a lawyer's perspective to assess

whether the legal text is correct and reasonable,

If there is a mistake, please point out the wrong location and the reason issue for the

mistake in review.

Figure 11: The laywer prompt of TL agent .

Given the following overall objective
Objective:
{Goals}

and the following issue that is the topics for the discussion, “{Issue}".

and the following legal text that needs to be discussed, “{Legal_Text} .

From the police's perspective:
“{Police_Text}"

From the lawyer's perspective:
“{Lawyer_Text}"

From the people's perspective:
*{People_Text}"

You are a professional judge, you are well versed in the law and know the current laws
and regulations, judicial interpretations and case law. You have the good judgment to
weigh the evidence, analyze the facts, and make a fair decision. You've always been neutral.

You've always been impartial.

Please make a final decision based on the judgment of the above idea and discuss the final

results.

Figure 12: The judge decision prompt of TL agent .

first phase involves different roles analyzing the
problem and proposing solutions, while the second
phase involves a chief justice synthesizing these
solutions to arrive at a final decision.

In the first phase, we have defined three dis-
tinct roles—Ilawyer, police office, and general pub-
lic—to analyze the problem. The basic prompt for-
mat for this phase is illustrated in Figure 11. Here,
the {Issue} field represents the question posed by
the LLMs after deliberation based on previously
generated results, and the {Legal_text} field con-
tains the text content under discussion. Subsequent
paragraph describe the characteristics associated
with each role. The last paragraph details the re-
quirements expected from each role.

Finally, as illustrated in Figure 12, we employ
a prompt to consolidate the solutions proposed by
the various roles. The judge role then synthesizes
these inputs to deliver the final decision. This out-
come is subsequently utilized to inform the Agent’s
subsequent thinking processes and tool selections,
ensuring a coherent and well-considered approach

to task execution.

E.4 Reflection

The Reflection Tool integrates the task objectives
and the knowledge returned by relevant tools to ana-
lyze whether the input text can accurately fulfill the
task objective. The specific design of the prompt is
illustrated in Figure 13, where {Goals} represents
our task objectives, {Relevant_Tool_Response}
denotes the relevant knowledge returned by previ-
ously similar tools, and {Input_Text} is the text
that requires reflection in conjunction with the task
objectives and related knowledge. Additionally, the
prompt emphasizes that the output must align with
the format of {Input_Text}.

F Comparison with Advanced LLMs

We conduct a comprehensive comparison between
our agent and state-of-the-art LLMs (including rea-
soning models). To further evaluate the perfor-
mance of our agent, we also enhance the baseline
LLMs by constructing few-shot prompts, which are
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Given the following overall objective
Objective:
{Goals}

Relevant knowledge:
“{Relevant_Tool_Response}"

and the input text is
“{Input_Text}"

Please perform task by comprehends the Objective,

and according to the relevant knowledge to determine
whether the input text is accurate, If the input text are inaccurate,
you need to be revised the input text to make it accurate.

the output must strictly follow the input text. Do not output any extra information.
eg. the input text is dict, the output text is also dict.
the input text is str, the output text is also str.

Figure 13: The reflection prompt of TL agent .

designed to improve their effectiveness.

We selected two LLMs as the foundational mod-
els for our agent: GPT-40-mini and GPT-40. The
versions used are consistent with those specified
in Section 5.1. For the evaluation, we randomly
selected 10% of the data for evaluation.

As shown in Table 4, our agent achieves opti-
mal results across all tasks. Specifically, the agent
based on GPT-4 demonstrates outstanding perfor-
mance in evidence reasoning (Task 2), indicating
that models with larger parameter scales excel in
tasks requiring logical reasoning and comprehen-
sion. However, in generative tasks such as fact
probandum generation (Task 1), the agent based on
GPT-40-mini outperforms its got-40 counterpart,
suggesting that smaller models may exhibit advan-
tages in certain generation-oriented scenarios.

Furthermore, the experimental results reveal that
the reasoning models (o1 and r1) outperform their
base models (4o and v3) in Task 2, highlighting
their enhanced capability in reasoning-intensive
tasks. Conversely, in tasks more focused on gen-
eration (Task 1 and Task 3), the reasoning models
underperform compared to their base models (40
and v3). This contrast underscores the importance
of model architecture and scale in task-specific per-
formance, particularly in balancing reasoning and
generative capabilities.

Additionally, introducing examples to construct
few-shot prompts effectively improves the model’s
performance on our benchmark. This demonstrates
the utility of few-shot learning in enhancing task-
specific adaptability and overall effectiveness.

G Ablation Study

In this section, we randomly selected 10% of the
data from the test set for evaluation to the im-
pact of removing different tools from the toolkit

on the agent’s performance. The base model of
the TL agent is GPT-40-mini. Additionally, since
the Fact Finding Head and Reflection Tool serve
as the core tools and foundational experimental
tools for the agent, ensuring the formatted output
of the agent’s results, the absence of these two tools
would prevent the agent from producing formatted
JSON data necessary for experimental validation.
Therefore, we did not conduct ablation studies on
these two tools.

As shown in Table 5, the results of the abla-
tion study indicate that each tool in our agent con-
tributes positively to the task outcomes. Specifi-
cally, we observed that removing knowledge-based
tools (Legal Knowledge and Knowledge Search)
led to a significant decline in performance across all
tasks, suggesting that the incorporation of domain-
specific legal knowledge through these tools effec-
tively enhances the agent’s task execution. Fur-
thermore, we found that removing the Multirole
Checker tool also resulted in a noticeable decrease
in the agent’s task performance, indicating that the
inclusion of multi-role judgment significantly im-
proves the accuracy of task results.

H Future Work

Despite our first try, challenges persist in Al adop-
tion within the legal domain. Issues such as data
privacy, imperceptible bias, the interpretability of
Al enhancement, and the impact on traditional le-
gal practices warrant further investigation. Future
research directions involve addressing these chal-
lenges, enhancing interpretability and fostering in-
terdisciplinary collaborations between Al agents
and legal professionals.
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Approach Task I Task I1 Task II1 All
Sfa,ct'] Sfact'z Sfact'l Pre Rec Fevig Se:vp‘] Sexp‘z Se:vp‘l Se
Claude3.5-sonnet-10 33.97 20.08 29.85 1.6 3.19 2.3 17.59 1.34 13.93 | 24.09
Claude3.5-sonnet-10 3 shot | 36.69 20.86 32.25 287 5.64 3.8 17.77 2.63 12.54 | 27.03
ChatGPT-40 31.93 18.32 28.43 3.65 8.51 5.12 | 27.37 8.08 21.99 | 32.52
ChatGPT-40 3 shot 36.26 21.26 31.36 | 10.74 19.48 13.85 | 26.56 7.83 20.45 | 36.52
ChatGPT-o1l 30.56 17.63 27.61 7.54 2384 1145 | 23.56 5.45 17.63 | 32.25
ChatGPT-o01 3 shot 34.7 19.18 2943 | 11.97 323 1748 | 25.71 6.96 19.94 | 35.46
Deepseek-V3 30.23 15.12 26.13 72 14.35 9.59 | 29.23 9.54 23.97 | 32.62
Deepseek-V3 3 shot 31.3 15.69 26.48 986 17.86 13.48 | 29.78 9.86 24.46 | 34.57
Deepseek-R1 29.74 12.3 2546 | 10.78 21.25 143 21.58 2.94 16.53 | 32.38
Deepseek-R1 3 shot 31.94 14.55 27.28 | 1434 2743 18.83 22.5 3.7 17.39 | 36.01
TL Agent (40-mini) 37.92 21.60 33.83 8.38 3948 13.83 | 31.92 9.32 25.49 | 36.62
TL Agent (40) 34.88 21.37 29.86 | 16.61 25.38 20.08 | 32.87 1094 2598 | 36.11
Table 4: The results of advanced model
Task I Task II Task II1

Approach

Sfact'] Sfact'z Sfact'l Pre Rec Fem’d Sewp—] Sewp-Z Sexp—l
TL Agent 37.92 21.60 33.83 | 8.38 3948 13.83 | 31.92 9.32 25.49
- Pattern Match 37.65 21.45 33,53 | 7.65 38.44 12.76 | 31.33 9.46 24.45
- Multirole Checker 36.83 20.55 32.12 | 6.23 37.67 10.69 | 31.94 10.03  25.33
- Legal Knowledge 35.70 19.56 31.98 | 8.35 37.23 13.64 | 30.56 8.68 23.80
- Knowledge Search | 35.65 19.23 31.79 | 693 38.12 11.72 - - -
- Emotion Check 37.12 20.85 32.95 - - - - - -

Table 5: Ablation Study.

I Related Work

In the realm of judicial proceedings, the process
can often be categorized into two fundamental
phases Duxbury (1995); Merryman and Pérez-
Perdomo (2018): (1) Law Reasoning, involving
the determination of factual circumstances within
a case; and (2) the Law Application, which per-
tains to the utilization and application of relevant
legal statutes and principles to those identified facts.
Thus in this section, we review the current state of
Al technology in these two subfields.

L1 AI for Law Application

Law application refers to the process of applying
the law. This involves determining the circum-
stances of the case, selecting the appropriate legal
norm to be applied, interpreting the meaning of the
chosen legal norm, and issuing a document that
applies the legal norm to the relevant person or
organization'®.

Applying automated techniques to address a
legal issue has a rich history. It can be traced
back to early systems based on mathematics, such
as Kort (1957); Keown (1980); Lauderdale and

https://encyclopedia?. thefreedictionary.com/
Application+of+Law

Clark (2012), which focus on analyzing cases us-
ing mathematical tools. Besides that, there are two
main categories of Al approaches applied to Law:
logic-based and data-driven approaches. The logic-
based approach was introduced by (Allen, 2013),
with its first appearance dating back to the 1980s.
Around the same time, data-driven approaches
were demonstrated by the HYPO system (Ashley,
1991). Some research has concentrated on address-
ing logical issues in legal documents and aims to
clarify legal terminology, thereby contributing to
the field of logic and the interactive representation
of legal texts (Branting, 2017). Additionally, a com-
prehensive description logic framework, proposed
by Francesconi (2014), builds upon Hohfeldian
relations and effectively represents legal norms.
Given that new laws are constantly introduced and
existing laws are modified, the legal system is in-
herently dynamic, necessitating the establishment
of an adaptable and modifiable model. To address
this, the extension of defeasible logic has been
widely employed and has yielded promising re-
sults (Governatori and Rotolo, 2010; Governatori
et al., 2007, 2005). Another significant challenge
in the legal domain is analyzing vast repositories
of case law, which poses an obstacle for legal pro-
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fessionals. Data-driven approaches are well-suited
to tackle this issue. These approaches, employing
techniques such as text mining (Avgerinos Lout-
saris et al., 2021), information retrieval (Sansone
and Sperli, 2022), and semantic analysis (Merchant
and Pande, 2018), strive to extract valuable insights
from legal texts and make judgments. Furthermore,
the rise of conversational Al technologies has re-
sulted in the creation of legal chatbots (Queudot
et al., 2020), which provide users with the ability to
access legal information, receive help in complet-
ing legal documents, and receive guidance through-
out legal processes through natural language inter-
actions. In recent years, large language models
(LLMs) have emerged as powerful tools, with sev-
eral models specifically tailored to the legal domain
being proposed (Chalkidis et al., 2020; Song, 2023;
Yuan Group, 2023; Colombo et al., 2024; Fei et al.,
2024; Haitao Li, 2024). Concurrently, there has
been a surge in the exploration of legal applications,
including legal text comprehension and generation,
legal documents analysis, legal violations detection,
legal judgment predictions and etc. (Huang et al.,
2020; Xu et al., 2020; Gan et al., 2023; Wu et al.,
2023; Roegiest et al., 2023; Bernsohn et al., 2024;
Cao et al., 2024). Still, these applications can only
offer assistance to judges in duanting legal tasks
but cannot delve deeply into the core of the judical
process, which is rigorously revealing the ultimate
fact through law reasoning.

LI.2 Al for Law Reasoning

Al technology for law reasoning is relatively less
common compared to law application, due to the
complexity of structured law reasoning informa-
tion. Structured facts exist in unstructured formats;
teaching Al systems to extract accurate structured
information at various levels is a complex task that
requires sophisticated algorithms. Neglecting the
structured law reasoning stage and directly employ-
ing the law application may lead to regulatory and
compliance issues. Moreover, making all the facts,
and shreds of evidence, as well as the reasoning
process visible, makes Al applications more reli-
able.

Compared to Al technology for law reasoning,
the legal field has explored the simulation of evi-
dential reasoning. As early as the late 1980s, Anne
Gardner applied artificial intelligence techniques
to the legal reasoning process and proposed a law
reasoning program in Chapters 6&7 of (Gardner,

1987). In 1997, the book of (Prakken and Sartor,
1997) edited by Henry Prakken, provided a system-
atic account of how logical models of legal argu-
mentation operate in legal reasoning. The book dis-
cusses various models of legal reasoning, including
dialogical models, and provides a detailed analysis
of the operation of different non-monotonic log-
ics (such as logic programs, qualified reasoning,
default logics, self-cognitive logics, etc.) in legal
reasoning. According to Henry Prakken, these log-
ics are of great importance for the development of
artificially intelligent legal systems. In 2009, the
book of (Walton, 2009), edited by Henrik Kaptein,
Henry Prakken, and Bart Verheij, proposed three
practical ways of evidentiary reasoning: the statis-
tical approaches, the storytelling-based approaches,
and the argumentative approaches. Of these, the
exploration of evidential reasoning with Al fo-
cuses on the latter two. Chapters 2&3 illustrate the
statistical approaches, Chapters 4&5&6 describe
the storytelling-based approaches, Chapters 7&8
compares storytelling-based approaches and argu-
mentative approaches, and eventually, Chapters
9&10 systematically describe the argumentative
approaches. Floris J. Bex (Bex, 2011) attempt to
construct a hybrid theory of evidence based on argu-
mentation and explanation, raises the issue of legal
reasoning in Al. All the above literature discusses
the theoretical possibilities of combining Al tech-
nology with legal reasoning theory, and suggests
that the analysis of these argumentation patterns
could be the logical architecture of an Al legal sys-
tem. Till 2012, Ephraim Nissan (especially Volume
1, Chapter 3 of (Nissan, 2012)) attempts to intro-
duce the Wigmore diagram and the Turmin logical
argumentation model into computer programs, and
attempts to place them under the calculation of cer-
tain Al systems. Then in 2017, Floris J. Bex and
Serena Villata (Wyner and Casini, 2017) introduced
and summarized the application of Al technology
in the field of legal systems, especially the integra-
tion of Al technology and legal argumentation. It is
evident that the ongoing research on legal systems
for artificial intelligence has now reached the stage
of developing models for evidence reasoning.

J Legal Cases Examples

To highlight the significance of law reasoning, we
provide examples that are widely recognized where
different judicial facts, evidence, and experience
have impacted different results. Recognizing these
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instances is crucial for maintaining public trust. We
provide an notable example in Figure 1. The Rex v.
Bywaters and Thompson is one of England’s most
famous causes (Anderson et al., 2005). The Rex v.
Bywaters and Thompson is one of England’s most
famous causes c “el‘ebres (Anderson et al., 2005).
The case is an example of rough as well as speedy
“justice.” On January 9, 1923, Frederick Bywaters
and Edith Thompson were hanged for the murder
of Edith’s husband Percy, just three months and
six days after his death. Public opinion at the time
and subsequent commentators have been divided
on the question of whether Edith had instructed her
mistress Bywaters to kill her husband. All evidence
indicates that Edith’s marriage with her husband
was unhappy. They met a young steward named
Bywater on a cruise ship by chance. After that,
they exchanged letters frequently. Although some
of the letters were burned, Edith met a young stew-
ard named Bywater on a cruise ship by chance.
All evidence indicates that Edith and Bywater had
already reached the most reprehensible intimate re-
lationship. Before Bywater killed Edith’s husband,
although there is no direct evidence that Edith in-
stigated Bywater to kill her husband, due to the
possibility of their meeting before the crime and
the evidence of their shared interests, with the usual
experience of “the elderly tend to dominate”, Edith
was sentenced to death. However, some commenta-
tors think that if we consider that Edith is an older
woman, according to common sense, she would
often take on the role of a mother, and because she
is a woman who is less inclined to dominate others,
she would not make such an inciting behavior.
Similar to the case of “Rex v. Bywaters and
Thompson”, in the case of “Nanjing Pengyu”!”, the
judge applied the wrong experience that a person
would not help someone who had fallen, but only
the person who caused the fall. This erroneous
experience resulted in a miscarriage of justice.

K Case Study

We randomly selected a few representative cases
(1-3) from the experimental results of sub-tasks 1
through 3 to evaluate the effectiveness of the TL
Agent and analyze specific errors observed during
the process.
Sub-task 1: Factum Probandum Generation

In the sub-task 1, we show some cases in Fig-

"https://www.chinacourt.org/article/detail/
2014/07/1d/1352051.shtml

ure 14 and Figure 15. the TL Agent demonstrated
certain limitations. For instance, in case 1 of F5,
the TL Agent extracted information related to the
suspect that was not directly relevant to the interim
probandum of the crime. Additionally, while gener-
ating crime-related interim probandums, the Agent
included elements of evidence in the output, which
should have been excluded. In case 2 of F3, the por-
tions marked in red illustrate a crime-related anal-
ysis but fail to represent the actual factum proban-
dum of the crime. This suggests the need for stricter
differentiation between crime-related facts and sup-
porting evidence during the generation process.
Sub-task 2: Evidence Reasoning

The evidence reasoning task revealed another
type of error. we show some cases in Figure 16 and
Figure 17. In case 1 of V7, the TL Agent incorrectly
extracted text resembling evidence, which turned
out to be an analysis of testimonies provided by
individuals such as Ba X and others. This analysis
should not be classified as evidence, as it does not
align with the proper format or content expected of
evidence. More accurate examples of the evidence
format can be seen in cases 2 of V7 and V5, where
the output adheres to the expected standards.
Sub-task 3: Experience Generation

In the Experience Generation task, a compari-
son between the TL Agent’s generated results and
the Ground Truth highlighted specific challenges.
we show some cases in Figure 18 and Figure 19.
For case 1, the TL Agent’s output predominantly
represented a reasoning process from evidence to
facts, rather than human experiential knowledge.
This limitation may stem from the model’s current
inability to effectively replicate human experiential
reasoning. However, in case 2, the Agent demon-
strated improved performance in producing expe-
riential knowledge for typical DUI cases. In this
scenario, the crime-related experiential knowledge
generated by the Agent closely matched the Ground
Truth, suggesting that the Agent has a degree of
competency in generating experiential knowledge
for common scenarios.

In summary, while the TL Agent has shown
some promising results in certain cases, the ob-
served errors underscore areas that require refine-
ment. Addressing these limitations is critical for
enhancing the Agent’s ability to accurately differ-
entiate between facts, evidence, and experiential
knowledge.
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Sub-task1 casel

Case Description:

Identification results indicate that the cause of death of the victim, Ba Dengcilai, was cardiac
rupture and pericardial tamponade with massive hemorrhage, resulting from a left chest
injury. On January 3, 2020, the defendant, Tashi Dorje, voluntarily surrendered to the public
security authorities. To support the criminal facts alleged above, the prosecution presented
evidence in court, including physical evidence, documentary evidence, on-site investigation
records, forensic opinions, identification records, witness testimonies, co-defendants’
confessions, as well as the defendant's own confessions and defenses. The prosecution
argued that the defendant, Tashi Dorje, intentionally and unlawfully deprived another
person of life, thereby violating Article 232 of the Criminal Law of the People's Republic of
China, and should be held criminally liable for intentional homicide. During the trial, the
defendant, Tashi Dorje, claimed in his defense that he did not participate in the crime.

Identification results indicate that the cause of
death of the victim, Ba Dengcilai, was cardiac
rupture and pericardial tamponade with
massive hemorrhage, resulting from a left

chest injury.

On January 3, 2020, the defendant, Tashi
Dorje, voluntarily surrendered to the x

public security authorities.

Sub-task1 case2

Case Description:

At that moment, the defendant Zhu1 (the elder brother of Zhu2), who was seated on the eastern
side of the gate, noticed someone fighting with his younger brother. He immediately stood up,
rushed over, and grabbed a piece of rebar from Wang2's cart. Zhu1 then struck Wang2 forcefully
on the back of the head, causing Wang2 to collapse on the spot. Zhu1 and Zhu2 subsequently
fled the scene. The victim, Wang2, was transported to the Lanzhou Military Region General
Hospital but succumbed to his injuries despite rescue efforts, passing away on June 29 of the

same year. According to forensic examination, Wang2 sustained severe closed craniocerebral

trauma caused by a blunt object strike to the head, which resulted in his death. On April 23, 2019,

Zhu1 and Zhu2 were apprehended and brought to justice.

At that moment, the defendant Zhu1 (the elder brother of
Zhu2), who was seated on the eastern side of the gate,
noticed someone fighting with his younger brother. He
immediately stood up, rushed over, and grabbed a piece
of rebar from Wang2's cart. Zhu1 then struck Wang2
forcefully on the back of the head, causing Wang2 to
collapse on the spot. Zhu1 and Zhu2 subsequently fled x
the scene. The victim, Wang2, was transported to the
Lanzhou Military Region General Hospital but succumbed
to his injuries despite rescue efforts, passing away on
June 29 of the same year. According to forensic
examination, Wang2 sustained severe closed
craniocerebral trauma caused by a blunt object strike to
the head, which resulted in his death.

Sub-task1 case3

Case Description:

After the case was solved, 3,188.5 yuan in stolen cash, along with a mobile phone, a jade
pendant, gold jewelry, bank cards, and other items, were recovered from the defendant, Ye
Yonghua. According to forensic identification, the victim, He Moumou, died from severe blood
loss caused by the rupture of the left common carotid artery, which resulted from a blunt
object striking the head and cranial brain injury, combined with a sharp object cutting the left
side of the neck. Furthermore, investigations revealed that the criminal actions of the
defendant, Ye Yonghua, caused the following economic losses to the plaintiffs in the attached
civil lawsuit, Deng Moul and Deng Mou2: funeral expenses amounting to 32,863 yuan,
transportation expenses of 10,000 yuan, food and lodging expenses of 12,000 yuan, and lost

income of 15,000 yuan, totaling 69,863 yuan.

According to forensic identification, the victim,

He Moumou, died from severe blood loss caused

by the rupture of the left common carotid artery,
which resulted from a blunt object striking the

head and cranial brain injury, combined with a

sharp object cutting the left side of the neck.

ESCHEI

Figure 14: Case study of sub-task 1 in English.
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Figure 15: Case study of sub-task 1 in Chinese.
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Case Description:

Does Tashi Dorje constitute the crime of intentional homicide? The defense argues that Tashi

-—
8 Dorje should be convicted of intentional injury instead. Upon investigation, the testimonies of
© it B2 XX and Duo XXX confirm the fact that Tashi Dorie inflicted ditional knif. Upon investigation, the testimonies of witnesses Ba XXX
o witnesses Ba and Duo confirm the fact that Tashi Dorje inflicted an additional knife and Duo XXX confirm the fact that Tashi Dorje inflicted an
Q] wound on Ba Dengcilai's neck after Ba Dengcilai had fallen to the ground. Furthermore, the additional knife wound on Ba Dengcilai's neck after Ba x
A\‘n . L e o . —> —> Dengcilai had fallen to the ground. Furthermore, the
© witness testimonies align with the findings of the autopsy report, which identified a knife wound witness testimonies align with the findings of the autopsy
_IQ on Ba Dengcilai's neck. Although this particular wound was not fatal, it did contribute to report, which identified a knife wound on Ba Dengcilai's
neck.
> accelerating Ba Dengcilai's death. After Ba Dengcilai was stabbed and fell to the ground by Ren
(%]
Zhenlangjia and others, Tashi Dorje still carried out the act of inflicting an additional knife
wound on Ba Dengcilai's neck......
Case Description: (10) Witness Wang 7 testified that Wang 1 and Wang 6 are
. " . . . his brothers-in-law. According to his father-in-law, Wang 8,
ol (10) Witness Wang 7 testified that Wang 1 and Wang 6 are his brothers-in-law. According to . g. " o
] the two got into a fight and killed someone while
wv his father-in-law, Wang 8, the two got into a fight and killed someone while collecting scrap collecting scrap materials in Lanzhou back in 1993, after
© o . ) which they fled. He has not seen them for more than .
O materials in Lanzhou back in 1993, after which they fled. He has not seen them for more than twenty years.
QY )
~ twenty years. (11) Witness Yu XX (the wife of the defendant Zhu 1) testified that she and Zhu 1 e e
g X X o o ) (1)) Witness Yu XX (the wife of the defendant Zhu 1)
M registered their marriage in either 2004 or 2005, and Zhu 1 became a live-in son-in-law. At the testified that she and Zhu 1 registered their marriage in
| . R -
o) time of registration, the name on Zhu 1's household registration book and ID card was already either 2004 or 2005, and Zhu 1 became a live-in son-in-law.
=} At the time of registration, the name on Zhu 1 s
n listed as Zhu 1, with a birth date of April 20, 1974. After their marriage, Zhu 1's household household registration book and ID card was already

registration was transferred from Qinghua Town, Qishan County, to her household.

listed ......

Figure 16: Case study of sub-task 2 in English.
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Figure 17: Case study of sub-task 2 in Chinese.
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Sub-task3 casse1

Fact Probandum:

Defendant Ye Yonghua, while cleaning the bloodstains off himself at the scene, heard that the
victim, He Moumou, was still making sounds. He then used a wallpaper knife to cut He Moumou's
neck once more, causing He's death. To destroy the evidence of the crime, Ye set fire to He's
residence, igniting it before fleeing the scene with the tools used in the crime, stolen money, and
other stolen items.

Evidence:

4. Based on the forensic opinion provided by the Lanzhou Public Security Judicial Appraisal Center
regarding the examination of the victim's body, the following findings were made: The deceased
(He Moumou) had multiple layers of adhesive tape wrapped around the mouth and neck area; the
front side of the nightdress worn by the victim was stained with blood, while the back side
showed remnants of burnt clothing. A rope approximately 0.4 cm in diameter was found wrapped
around the right wrist. A single rope extended from the right wrist, passing along the outer side of
the right thigh, looping around the back of the left thigh to the left thigh root, and returning to
the right wrist, where it was intertwined with the wrist rope. A fragment of a blue small towel
(curled) was found on the right thigh. The right ankle was wrapped with a rope tied in three loops
and secured with a knot; one end of this rope had been burnt, and the majority of the rope was
stained with blood. Upon external examination of the body: bruising and swelling were observed

around the left eye, and conjunctival congestion was noted in the eyes...

Through forensic examination of the victim's body,
multiple sharp-force injuries were found on the neck,
along with layers of adhesive tape wrapped around
the mouth. Combined with evidence from the scene, it
is inferred that the defendant, Ye Yonghua, carried out
a subsequent fatal attack on He Moumou after
committing the initial crime, ultimately causing the
victim's death.

Based on people's daily life experiences, generally
speaking, if the defendant, upon hearing that the
victim is still making sounds, uses a cutting tool
again to inflict harm, it indicates that the defendant
has a strong intent to cause the victim's death.

Sub-task3 casse?2

Fact Probandum:
Li Liuliu was apprehended by the public security authorities in the East Lake High-

Tech Development Zone of Wuhan for driving a motor vehicle under the influence

—

of alcohol. A blood test revealed an ethanol concentration of 123.49 mg/100 ml in
Li Liuliu's system.

Evidence:

3. Breath Alcohol Test Report: It was confirmed that the Wuhan Municipal Public
Security Bureau's Traffic Division of the Wuhan East Lake High-Tech Development
Zone conducted a breath alcohol test on the defendant, Li Liuliu, at 1:36 a.m. on

August 14, 2019, resulting in a measurement of 106 milligrams per 100 milliliters.

The blood test results indicate that the ethanol content in
Li Liuliu's blood was 123.49 mg/100 ml, exceeding the legal
threshold for drunk driving, further confirming the fact of
driving under the influence of alcohol.

The breath alcohol test report indicates that the ethanol
concentration detected in the defendant Li Liuliu's blood is
123.49 mg/100 ml. This result exceeds the legal threshold
for drunk driving, proving that he operated a motor vehicle
under the influence of alcohol.

Figure 18: Case study of sub-task 3 in English.
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Figure 19: Case study of sub-task 3 in Chinese.
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