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Abstract

Automatic legal judgment prediction (LJP) has
recently received increasing attention in the nat-
ural language processing community because
of its practical values in the real world. Sig-
nificant progress has been achieved on LJP in
the past decade. However, most existing LJP
research primarily focuses on developing meth-
ods that achieve better performance on standard
evaluation datasets, with limited emphasis on
the long-term advancement of the field beyond
improving evaluation metrics. In this position
paper, we reflect on the state of the art in LJP re-
search, and explore issues that should motivate
researchers to think beyond merely enhancing
performance metrics, with the ultimate goal of
sparking discussions among LJP researchers
about the future trajectory of the field.

1 Introduction

Legal Judgment Prediction (LJP) involves predict-
ing judgment outcomes (such as violations, rele-
vant law articles, charges, etc.) based on the fact
descriptions of cases (Niklaus et al., 2024; Braun
and Matthes, 2024; Xu et al., 2024; Feng et al.,
2022b; Chalkidis et al., 2019; Yuan et al., 2026;
Shi et al., 2025), possibly supplemented by addi-
tional inputs like claims (Malik et al., 2021). In
recent years, LJP has attracted significant attention
within the Al for Law community.

While LJP has been studied for over 60
years (Kort, 1957), the task remains far from be-
ing solved. Nonetheless, LJP has made consistent
progress. In recent years, a common approach to
LJP has involved using a complex neural model
that outperforms competitors on standard evalua-
tion datasets. While improving evaluation metrics
is a key short-term goal in LJP research, this fo-
cus may not necessarily contribute to the long-term
growth and advancement of the field.
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In this position paper, we reflect on the state
of the art in LJP research, exploring issues that
should motivate researchers to think beyond merely
enhancing performance w.r.t. predefined metrics.
Specifically, as we move from research to practice
where LJP systems are being deployed in real-life
scenarios, it no longer suffices for LJP systems
to yield accurate performance. To improve user
confidence in a LJP system, we propose to build
next-generation LJP systems that are trustworthy.
Specifically, trustworthy LJP systems should (1)
acquire all relevant legal knowledge necessary for
making judgments; (2) follow human reasoning
processes rather than relying solely on patterns
learned from labeled datasets; and (3) provide clear
explanations for both legal professionals and non-
professionals, to enable them to understand how
a particular conclusion is derived. We hope this
paper can spark discussions among LJP researchers
about the future trajectory of the field.

2 Related Work

LJP can be broadly defined as the task of predicting
the judgment results of a case based on its factual
description, such as predicting the applicable law
articles, the charges, and the terms of penalty. An
overview of existing approaches to these and other
LJP tasks can be found in Appendix A. Below we
center our discussion on three aspects of work on
LJP and related areas that are most relevant to the
discussion in the rest of the paper.!

2.1 Legal Argument Mining

Given an argumentative text, the goal of argument
mining is to construct an argument tree, which

'Our goal is not to provide a survey of LIP research; rather,
we provide the readers with the relevant background in LJP
with the goal of facilitating the discussion of the issues in
the later sections. For readers interested in a comprehensive
overview of LJP research, we refer them to the surveys re-
cently published by Feng et al. (2022a) and Cui et al. (2023b).
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Facts: The defendant Wang was involved in a quarrel with his father Li, who was suffering from a
terminal illness that had caused prolonged severe pain and physical deterioration. During the verbal
dispute, Li expressed distress and frustration, and pushed Wang twice. Moved by deep filial affection,
and unwilling to see Li continue to endure intense physical suffering, Wang picked up a kitchen knife
and slashed Li in the chest area, targeting the heart. Li collapsed immediately. According to forensic
examination, Li sustained a penetrating wound, measuring approximately 4 centimeters in length.

Court View: The Court finds that Wang engaged in a dispute and intentionally used a knife to injure
Li, resulting in a second-degree minor injury. His conduct constitutes the crime of intentional injury
under Article 234 of the PRC Criminal Law. As to whether the defendant’s actions qualify as justifiable
defense, the Court holds that under Article 20 of the PRC Criminal Law, justifiable defense requires that
the act of defense be in response to an ongoing unlawful infringement and be proportional to the nature
of the infringement. In this case, although Li did push Wang during the quarrel, the conduct was of a
minor nature and does not constitute a serious or ongoing unlawful infringement. Wang’s subsequent
act of using a knife to slash Li was clearly excessive, aggressive in nature, and carried retaliatory
intent. Therefore, his behavior does not meet the legal requirements for justifiable defense, nor does
it qualify as excessive defense. Although the defendant claimed that his conduct was motivated by
filial affection and compassion to relieve the victim’s enduring illness and pain, such motive does
not exempt criminal liability. Considering the unique circumstances, and referring to the precedent
(2013) Gui Xing Zhong Zi No. XXX, in which the defendant acted out of filial piety and compassion
in causing harm to another, the Court acknowledges the humanitarian motive as a mitigating factor. In
light of this precedent and the present case’s facts, the Court finds it appropriate to impose a sentence
lighter than the statutory average for similar offenses.

Judgment: Under Articles 234 and 20 of the PRC Criminal Law, the defendant Wang is convicted of
intentional injury and sentenced to seven months’ imprisonment, suspended for one year.

Table 1: Example of a real judgment document for a case judged by civil law.

reveals the argumentative structure of the given
text. An argument tree can be defined recursively.
Specifically, the root node of an argument tree cor-
responds to the main claim made in the text, and
each of its children is a piece of evidence that sup-
ports its parent. If a child corresponds to a fact, it
no longer needs further support and will therefore
have no children (i.e., it is a leaf node). Otherwise,
a child must be a subclaim that needs further sup-
port, and hence it will be supported by one or more
child nodes, each of which will again be either a
fact of another subclaim. An argument is com-
posed of a claim and all of its supporting evidences.
Hence, a non-leaf node and all of its children in an
argument tree constitute one argument.

Legal argument mining concerns the automatic
construction of argument trees from legal judgment
documents. Consider the legal case in Table 1,
which is composed of three parts: (1) the facts of
the case; (2) the court view, which is the analysis
of the case made by the court judge that explains
the rationale behind their judgment decision; and
(3) the judgment on the case. As can be seen, the
court view and the judgment are effectively an argu-
mentative text in the legal domain, which contains

the argument the judge used to back up their judg-
ment decision. Hence, an argument tree can be
constructed from the court view and the judgment
portions of a legal case. This is the primary goal
of legal argument mining. While existing works
on legal argument mining differ in terms of the
argumentation schemes they used to annotate train-
ing data and the types of legal cases they worked
with (e.g, criminal, divorce) (Freeman and Farley,
1996; Moens et al., 2007; Xu et al., 2020a), the key
takeaway is that argument trees can be constructed
from different types of legal cases.

To understand the significance of argument min-
ing, consider the argument tree in Figure 1, which
is constructed from the legal case in Table 1. For
ease of exposition, we label each node with one of
five types: (1) P (a precedent case); (2) N (an appli-
cable norm, i.e., law or legal rule); (3) F (a case fact;
(4) SC (an intermediate conclusion, henceforth sub-
conclusion); and (5) C (the final conclusion).

The tree makes it clear the reasoning steps that
eventually led to the judgment. First, an applica-
tion of norm N1 to fact F1 led to the subconclusion
(SC1) that Wang had clear intent to injure. SCI,
when combined with norm N2 and fact F2, led one

45255



Prompt: You are a legal judge with expertise in judicial reasoning under Chinese criminal law. Please
carefully analyze the following case and provide: (1) Your prediction of the legal outcome-specifying
the charge, relevant article of the Criminal Law, and recommended punishment. (2) A detailed
explanation of your reasoning, including references to relevant legal norms where applicable. Case
Fact: [the text in the Fact section of the case in Table 1]

Generated Explanation: Charge: Intentional Injury; Relevant Legal Norm: Article 234 of the PRC
Criminal Law; Recommended Punishment: Fixed-term imprisonment of of 6—12 months.

Wang intentionally used a knife to slash his father Li during a dispute, resulting in a second-degree
minor injury. The act falls under the scope of intentional infliction of bodily harm, which is clearly
addressed by Article 234. The means involved a high potential for serious harm, supporting the
conclusion of criminal culpability. The injury is classified as second-degree minor injury, not serious
injury or death. The act was spontaneous and emotionally triggered rather than premeditated. In
line with judicial discretion and precedent, a court might impose a fixed-term imprisonment of 6—12
months, possibly with suspension if Wang shows remorse and actively compensates the victim.

Table 2: ChatGPT-generated legal judgment explanation for the legal case in Table 1 and the associated prompt.

C1: Intentional Injury. Seven months of imprisonment, suspended for one years. Article 234, 20.

N

SC4: Intentional Injury. One year

of imprisonment, suspended for

one years. Article 234, 20.
\

‘ SC3: Second-degree minor injury. ‘

F4: Moved by deep filial affection and
compassion, and unwilling to see Li
continue to endure intense physical suffering.

P1: (2013) Gui Xing
Zhong Zi No. XXX.

‘ SC2: Excessive force beyond self-defense. ‘

_— X~

N3: Forensic

F2: Li expressed distress
and frustration, and pushed
Wang twice.

SCI1: Wang had [T¥3: Li sustained a penetrating
clear intent to || woumldhuneasuring approximately
injure. 4 centimeters<in length.

_—

F1: Wang picked up a
kitchen knife and slashed
Li in the chest area,
targeting the heart.

NI1: Article 234-Intentional
injury refers to deliberately
harming another person’s
bodily integrity or health...

N2: Article 20-Where

justifiable defense
clearly exceeds the
necessary limits and

causes significant harm,
criminal responsibility
shall be borne.

Figure 1: Example argument tree.

Standards-A full-
thickness incised
wound, which
reaches muscle
layer or deeper,
and has a length of
>4 cm and depth
of >2 c¢m, is
typically assessed
as second-degree
minor injury.

to conclude that Wang used excessive force beyond
self-defense (SC2). Another norm N3, when ap-
plied to fact F3, led to the subconclusion (SC3)
that Li’s injury is considered second-degree injury.
Combining the two subconclusions SC2 and SC3
allowed one to make an initial judgment on this
case (SC4): intentional injury with one year of im-
prisonment suspected for one year. However, after
taking into account precedent P1 and fact F4 (the
human value that Wang did this out of compassion
for his father), the final conclusion C1 is reached,
which imposes a lesser term penalty.

2.2 Explanation Generation

One reason that makes existing LJP systems not
particularly trustworthy is that the decision process

is not transparent to humans. Consequently, LJP
researchers have begun developing interpretability
approaches to LJP, where the goal is to provide
an explanation for the decisions made by an LJP
model. For instance, word- and phrase-based
explanation approaches focus on extracting ratio-
nales (typically keywords and phrases) from the
facts that serve as evidence snippets to support the
legal charge or relevant statutory articles (Feng
et al., 2022b; Yue et al., 2021a; Jiang et al., 2018),
whereas sentence-level explanation methods la-
bel full sentences from the fact description that
serve as justifications (Malik et al., 2021; Chalkidis
et al., 2021). While word/phrase- and sentence-
level explanations can present key facts, neither of
them present reasoning (e.g., clarifying why the
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facts in our example satisfy the legal criteria for
intentional injury under Article 234).

Paragraph-level generation methods typically
adopt generation frameworks (e.g., seq2seq or
LLMs) to generate explanations in the form of nat-
ural language paragraphs that not only incorporate
fact summaries and legal citations (Deng et al.,
2023; Yue et al., 2021b; Vats et al., 2023; Wu et al.,
2022; Zhong et al., 2020; Li et al., 2025) but also
simulate human judicial reasoning. Perhaps not
surprisingly, the best explanation methods thus far
are paragraph-level methods that employ LLMs for
generation. To enable the reader to understand how
good these paragraphs are, we apply ChatGPT-40
to our example case (showing ChatGPT-40 only the
facts but not the rest of the case) to make judgment
predictions (i.e., charge, term penalty) as well as
a paragraph-based explanation of its predictions.
The prompt we used and the generated explanation
are shown in Table 2.

Although the paragraph-level explanations gen-
erated by LLMs for legal decisions are currently the
best out there, they are not without their problems,
as can be seen from the ChatGPT-generated para-
graph in Table 2. By comparing this paragraph and
the court view, we can see that this paragraph omit-
ted certain details, such as its failure to use Article
20 to conclude that this was not self-defense. More-
over, despite the fact that ChatGPT outputted the
correct predictions, it failed to take into account the
pluralistic human values and the precedent when
making the predictions. In other words, its reason-
ing process is partially flawed.

3 A Vision for Legal Reasoning

Next we discuss how legal reasoning processes
should be modeled in a trustworthy LJP model.

As noted in the previous section, the explanation
provided by ChatGPT-4o0 omitted several crucial
details, and its ability to output the correct legal
judgment predictions can be said to be partly due
to luck. Of course, LLMs do improve over time,
and it is conceivable that they can at some point
generate the correct explanation for a legal case. In
the ideal situation, LLMs can generate explanations
that are as good as the court views.

Nevertheless, even the court view does not nec-
essarily offer the clearest and easiest-to-understand
explanation owing to its use of paragraphs as the
representation of an explanation. As is commonly
known, in natural language paragraphs, the rela-

tions between the sentences or even the text spans
of a sentence are not always explicitly expressed
(e.g., implicit discourse relations). Similarly, in
paragraph-level explanations, the argumentative
relations that connect the evidences to their corre-
sponding claim are not always explicitly expressed.
For instance, in the court view in Table 1, it may
not be immediately clear to everyone that the sub-
conclusion of a "second-degree minor injury" was
supported by the fact "4 centimeters in length" and
the applicable Forensic Standards. However, these
relations are precisely what enable users, particu-
larly non-legal professionals, to understand which
text spans or sentences in a paragraph are involved
in a reasoning step in the legal reasoning process.

3.1 Representation

Fortunately, the aforementioned problem associ-
ated with a paragraph-based representation is ex-
actly what argument trees can help address, as
they reveal the argumentative structure (and hence
the reasoning steps) involved in a legal judgment,
henceforth the following recommendation:
Recommendation #1: We recommend that legal
reasoning be expressed in the form of an argument
tree, as the structure of an argument tree makes it
crystal clear what reasoning steps are involved.

As discussed in Section 2.1, each non-leaf node
in an argument tree together with all of its imme-
diate children form an argument and represents
exactly one reasoning step, and the order in which
these reasoning steps are applied to derive the con-
clusion is apparent from the tree.

3.2 Learning

We recommend that a supervised approach be used
to create argument trees. To understand the reason-
ing logic behind a legal decision, there is nothing
better than using the court views on legal cases, in
which the reasoning steps behind the judgments
are clearly laid out. Specifically, we can first use
existing work on legal argument mining (Habernal
et al., 2024) to construct an argument tree from
each court view. Then, we can use the resulting
argument trees as supervisory labels to fine-tune
an LLM to enable it to learn how to generate ar-
gument trees. Each example used for fine-tuning
corresponds to the facts of a case, and its "label" is
the corresponding argument tree.

Note that this task of argument tree generation is
a novel and challenging task. Existing work on le-
gal argument tree mining has focused on argument
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tree extraction (see Section 2.1), where the goal
is to construct an argument tree where the content
of all of its nodes are present in the input text. In
contrast, in argument tree generation, only the leaf
nodes (i.e., facts) of the tree to be generated are
given as input, and the rest of the tree, including all
of the intermediate conclusions, have to be gener-
ated on the fly. Fortunately, since court views can
be obtained in large amounts easily, we have a lot
of data for fine-tuning an LLM.

The success of the above procedure depends on
the accuracy of the argument mining tool we used
to automatically produce the supervisory labels. If
the tool does not produce accurate trees, we can
fine-tune it with human-annotated argument trees.
We expect that this can be accomplished without a
lot of annotations because argument tree extraction
is much simpler than argument tree generation.

3.2.1 Decomposing the Learning Task

At first glance, generating a structured output as
complex as an argument tree is a daunting task. If
it is indeed too difficult to learn a model to output
a tree accurately given a legal case, we can try to
decompose this complex learning task into a set of
smaller, arguably less complex learning tasks via
identifying structural characteristics of a legal argu-
ment tree and understanding the underlying process
through which a legal argument tree is produced.
Specifically, when making judgments, a human
judge starts by reasoning with the facts of a case,
then identify the norms (i.e., laws, legal rules, and
precedents) that are applicable to one or more facts
to derive a conclusion. If this is an intermediate
conclusion (as opposed to the final judgment on the
given case), it will be combined with other fact(s)
and intermediate conclusion(s) to derive another
intermediate/final conclusion. In other words, the
human judgment process is incremental.
Motivated by this observation, we propose an in-
cremental approach to argument tree construction.
Since the human judgment process starts from the
facts and the laws/rules/precedents that are applica-
ble to the facts, which correspond to the leaves of
an argument tree, we propose to build an argument
tree in a bottom-up fashion, via the following steps:

1. Determining the key facts. As seenin Table 1,
a legal case is composed of a set of facts. In this
example, "the defendant Wang was involved in a
quarrel with his father Li" is a fact. A subset of
these facts are key facts. Specifically, a key fact
is a fact that instantiates a precondition of a legal

norm: it is a concrete manifestation of a norm’s
precondition. Note that only key facts can appear
in an argument tree: a fact that is not a key fact
cannot be combined with a norm by definition and
therefore cannot appear in the tree. In our example
case, F1, F2, F3, and F4 are therefore key facts.

As our first step, we determine which facts in a
given case are key facts. To do so, we begin ex-
tracting all the facts from a given case, specifically
by (1) treating each clause in the Facts section as
a fact, and (2) decomposing each of the resulting
facts into atomic facts using an LLM (e.g., "Li
sustained a penetrating wound, measuring approxi-
mately 4 centimeters in length" can be decomposed
into two atomic facts, one composed of the text be-
fore the comma and one after).” Next, we propose
to train a binary classifier to determine whether
each of these extracted facts is a key fact or not.
Each training instance therefore corresponds to a
fact. Since key fact identification requires domain
knowledge of what can match the precondition of a
norm, we have domain experts label each training
instance, whose label is Yes if it corresponds to a
key fact and No otherwise.

2. Determining the applicable norms. As noted
above, an argument tree has two types of leaves,
the key facts and the legal norms (i.e., laws, legal
rules) that are applicable to one or more key facts.
In this second step, we propose determine whether
a given norm is applicable to a given key fact (or a
given subset of key facts) obtained in the previous
step via a four-stage coarse-to-fine approach.’
Stage I: Extract the preconditions from all the
norms in our database.* Since each norm is already
expressed in the form of a set of preconditions, this
step is straightforward.

Stage II: Use a lightweight information retrieval
approach (such as cosine similarity) to rank all the

“We do not derive new facts from other facts or from im-
plicit elements for two reasons. First, the facts of a legal case
are already written in such a way that no derivation from other
facts or from implicit elements are needed. Second, under
well-established adjudicative principles, courts decide cases
on facts proven by admissible evidence, not on assumptions
that have not themselves been proved.

3Note that our approach does not assume a one-to-one
mapping between a fact and a norm: it allows a single factual
premise to be shared by multiple arguments. However, allow-
ing a shared premise to have multiple parents would result in
argument graphs rather than trees. To resort to a tree repre-
sentation, we follow previous work (e.g., Modgil and Prakken
(2014)), where we make multiple copies of a given fact. This
means that if the fact is being used in N arguments, we create
N leaf nodes, each of which contains the same fact.

*Given a jurisdiction, its legal norms are readily available.
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preconditions extracted in the first step with respect
to the key fact, where each precondition and each
key fact is expressed as a dense vector. Since this
is lightweight, it can be done efficiently.’

Stage II1: Classify whether a key fact can satisfy
a precondition or not. To create the instances to
train this binary classifier, we pair a key fact in the
training set with each of the top-k preconditions
retrieved in Stage II. Test instances are created sim-
ilarly. Using only the top-k instances can address
efficiency concerns. Note that we train a classifier
rather than a ranker because a key fact can poten-
tially be matched with more than one precondition,
and a classifier enables that flexibility.

Stage IV: From the given set of key facts, create
subsets of key facts, and classify whether a fact
subset is applicable to a norm. Note that the large
number of norms and the large number of subsets
of key facts poses an efficiency concern for training
and testing this binary classifier. We address this
concern as follows. First, recall that in Stage III, we
associated each key fact with one or more norms
whose precondition it matches (e.g., fact 1 matches
with a precondition in norm 1 and norm 3, etc.).
We create all and only those subsets of key facts
such that all the key facts in each subset share the
same applicable norm (note that they can share
more than one applicable norm). We then create
one training/test instance for the binary classifier
from each fact subset and each of the applicable
norms they share. This works because there is no
point evaluating the applicability of a fact subset
against a norm N unless all the facts in the subset
can be matched with a precondition in N.

3. Applying the norms. While neither of the
tasks in the previous two steps involves genera-
tion, our next task does. Specifically, now that we
have identified the key facts and determined which
norm is applicable to which fact subset, our next
task involves applying the norm to the fact subset
to generate a conclusion, which we will refer to as
a subconclusion if it is an intermediate conclusion.

We propose to train a model to generate this
(sub)conclusion in a supervised fashion, where the
training instances are created as follows. From

SOftentimes, there is no need to rank a given key fact
against all preconditions in practice. For instance, if a key fact
is extracted from a divorce case, we should in principle not
need to rank against it the preconditions derived from norms
concerning murder (unless in the rare cases where murder is
involved in the divorce). In other words, we often rank only a
subset of the preconditions in practice (using case/law types),
making this stage even more efficient than it appears to be.

each argument tree associated with a legal case
in the training set, we extract each lowest-level
subtree (i.e., the subtree rooted at a node where all
of its children are leaves) and create one training
instance from each such subtree. (As an example,
in the tree in Figure 1, the lowest-level arguments
are those rooted at SC1 and SC3.) By definition,
each subtree has the fact subset and the applicable
norm as the leaves and the (sub)conclusion as the
parent. Using the resulting training instances, we
can train a seq2seq model that takes as input the
fact subset and the applicable norm identified in
Step 2, and outputs the (sub)conclusion.

Intuitively, this generation task should not be
particularly difficult. Recall that a norm is com-
posed of a set of pre-conditions that need to be
satisfied and a consequent that can be derived if the
pre-conditions are satisfied. Hence, the sequence-
to-sequence model essentially needs to learn to
generate a (sub)conclusion that is an instantiation
of the consequent with the fact subset.

4. Generating additional subconclusions. The
first three steps allow us to generate the lowest-
level arguments in an argument tree. In this step,
we describe how to complete the tree generation
process by deriving additional subconclusions from
those we obtained in Step 3. There are two ways in
which additional subconclusions can be derived.
First, noting that norms can be applied to not
only facts but also subconclusions, we can view the
subconclusions obtained in Step 3 as "facts" and
augment the case facts with these subconclusions.
With an augmented set of facts, more norms may
become applicable, and this in turn will produce
more subconclusions. (As an example, in the argu-
ment tree in Figure 1, N2 is being applied to fact
F2 and subconclusion SC1 to produce subconclu-
sion SC2.) Implementation-wise, all we need to do
to generate additional subconclusions is to repeat
Steps 2 and 3 on this augmented set of "facts".
Second, the subconclusions obtained in Step 3
can be combined with one or more facts and/or
subconclusion(s) generated thus far to derive addi-
tional subconclusions. Referring to the argument
tree in Figure 1, subconclusions SC2 and SC3 to-
gether support the derivation of SC4. To perform
such derivation, we propose to train a model that

®Recall that the two models in Steps 2 and 3 were origi-
nally trained on facts and norms. To make them applicable to
subconclusions, all we need to do is to retrain them on addi-
tional instances that correspond to not only facts and norms
but also subconclusions.
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Facts: In early 2019, a concert promoter signed an agreement with an artist to hold a large stadium
show on June 15, 2020. The contract specified the stadium venue and date, with ticket sales starting
months in advance. In March 2020, due to COVID-19, the state governor issued an executive order
prohibiting mass gatherings. The stadium was closed indefinitely, and the ban remained in force on the
concert date. The promoter canceled the show and offered refunds; the artist’s management claimed
breach of contract and sought remaining guaranteed payments, arguing that the cancellation was within
the promoter’s control.

Judgment: The court examined a contract that required hosting a live, in-person concert at the named
venue on the agreed date. It considered whether the pandemic and resulting government orders
rendered performance legally and physically impossible. Because the ban on large public gatherings
was found to make the core purpose of the contract objectively impossible. Hence, the judges compared
this to Taylor v. Caldwell’s rule: if the existence or availability of a specific venue is an essential
condition and, without fault of either party, that condition is removed (by destruction or lawful closure),
therefore the duty to perform is discharged. Here, the government’s legal prohibition had the same
effect as physical destruction of the venue.

Table 3: Example of a real judgment document for a case judged by common law.

takes any subset of facts and subconclusions as in-
put, and outputs either a subconclusion that can
be derived or NIL if nothing can be derived. In-
stances for training this Derivation model can again
be obtained directly from the argument trees corre-
sponding to the training cases: all arguments that
do not involve norms can essentially serve as train-
ing examples, with the input being the children and
the label being the subconclusion in the parent.

Note that generating the right subconclusion
given set of facts and subconclusions is by no
means an easy task, but we can potentially improve
this model using contrastive learning, where the
positive training examples involve those where the
correct subconclusion is being generated, and chal-
lenging negative examples can be constructed from
the positive training examples by removing one or
more input fact/subconclusion.

Recommendation #2: We recommend an incre-
mental, bottom-up approach to argument tree gen-
eration. We are by no means claiming that the
argument tree generation task can be easily solved
with this approach: while the decomposed tasks
are easier to perform than generating trees directly,
they are by no means trivial. As a position paper,
our goal is not to solve the problem, but to provide a
viable path to addressing this long-term challenge.

3.3 Cross-Jurisdiction Applicability

In civil law jurisdictions (e.g., France, Germany,
China), LJP is statute-centric: judicial decisions
are primarily derived from codified legal provisions
and principles. Here, an argument tree would place

statutory articles in the premise nodes, eventually
branching up to the final conclusion. In contrast,
in common law jurisdictions (e.g., United States,
United Kingdom), LJP is precedent-driven: judicial
decisions rely heavily on analogical reasoning from
previous cases. In this context, an argument tree
would represent key precedents as premises. So far
we have described how our approach can be applied
to generate argument trees for cases in civil law
jurisdictions, a natural question is: what needs to be
changed in order for our approach to be applicable
to cases in common law jurisdictions?

To answer this question, we make a key observa-
tion: the legal cases in the two jurisdictions differ
by whether norms or precedents are used in the
judgment process. Given this observation, if we
can view each precedent as a norm by representing
a precedent as a set of preconditions together with
the corresponding conclusion, we will be able to
apply the exact same framework that we described
in the previous subsection to generate argument
trees for legal cases in common law jurisdictions.
Note that being able to do so would allow us to
have a unified framework for LJP that can elegantly
handle legal cases in both jurisdictions.

To see how we can represent a precedent as a
norm, consider the legal case in Table 3, which
has a Facts section and a Judgment section that
shows which precedent was used in the judgment
decision. In this example, the preconditions that
we want to extract are those of Taylor v. Caldwell’s
rule, specifically: (1) the existence or availability
of a specific venue is an essential condition, and
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(2) without fault of either party, that condition is
removed (by destruction or lawful closure). In gen-
eral, preconditions are explicitly enumerated in the
Judgment section because this is where the judge
needs to explain which precedent is applicable and
why. Answering this “why” question entails enu-
merating why each precondition required for prece-
dent applicability is satisfied. Hence, precondition
identification from a precedent case is an extrac-
tion problem. There are lexical cues and patterns
(e.g., “if... and...therefore”) that one can exploit
to design heuristics to extract the preconditions.
Alternatively, one can employ an argument mining
system or an LLM to extract them.
Recommendation #3: We recommend reducing
precedents to norms so as to enable the cross-
jurisdiction applicability of our approach. Analo-
gous to Universal Dependencies (de Marneffe et al.,
2021), which involves modeling dependency struc-
tures in a language-independent manner, we believe
that our proposal has the potential to enable argu-
ment trees to serve as a jurisdiction-independent
representation for Universal Legal Reasoning.

3.4 Incorporating Pluralistic Values

Legal judgment is not like a "vending machine": hu-
mans can make human-centered judgments that are
rooted in empathy and human connection, rather
than being cold and mechanical. For instance, in
a murder case, a son who is unwilling to witness
his father’s suffering from illness may reluctantly
choose to end his father’s life. In real-world judg-
ments, judges would take into account these emo-
tional factors and consider reducing the sentences
(Abrams and Keren, 2010; Welch, 1997). As an-
other example, cases involving racial tensions, such
as those related to the Black Lives Matter move-
ment, require judges to evaluate not only objective
rules but also the underlying social conflicts and
values. Therefore, handling cases cannot be con-
fined to strict legal rules; it must also consider pub-
lic sentiment and the restoration of social relation-
ships (Martin, 2007). Even if current approaches
achieve transparency and interpretability, the ab-
sence of human values makes them untrustworthy.
To our knowledge, none of the existing methods
considers the human values that practitioners con-
sider in their reasoning processes.

In the context of LJP, human values refer to the
shared ethical and moral principles that Al systems
must adhere to during the decision-making process.
These include fairness, transparency, accountabil-

ity, respect for human rights, and the ability to
explain decisions in a way that aligns with societal
norms and expectations. Such values ensure that
Al-driven legal systems not only provide efficient
and accurate predictions but also uphold justice
and humanity in their operations (Yamane, 2020;
Rogers and Bell, 2019; Economou, 2019).

Broadly, human values in LJP include: (1) val-
ues (intrinsic goods or ideals that people pursue
or cherish, e.g., filial piety, justice, self-sacrifice,
freedom); for instance, if a son is compelled by
filial piety to kill his father, his intention should
be regarded as compassion rather than intentional
murder; (2) duties (moral obligations or responsi-
bilities, e.g., upholding rules, helping others); for
example, if a public official sells state secrets, this
should be taken into account for harsher punish-
ment; and (3) rights (entitlements or claims that
individuals have against others or society, e.g., the
right to education, healthcare, or free speech); for
example, when handling cases related to the Black
Lives Matter movement, judges must prioritize the
racial conflicts involved and make decisions based
on the value of racial equality.

A key advantage of our argument tree generation
framework is that it enables human values to be
incorporated naturally into a LJP model’s decision-
making process. Consider the case in Table 1. The
court view explicitly mentioned that the defendant’s
conduct was motivated by filial affection and com-
passion to relieve the victim’s illness, and that this
human value (i.e., filial piety) is being taken into
account in the court’s judgment. As can be seen in
Figure 1, rather than incorporating the human value
into the tree, what is incorporated into the corre-
sponding argument tree is a premise that explains
how the value is being applied to this case (node
F4). We will henceforth refer to this premise as
a pluralistic consideration to differentiate it from
the human value from which it originates. Hence,
when we train an argument tree generation model
on such cases, the model should already be able to
learn how to generate any pluralistic considerations
that should be used as part of the tree generation
process. This provides further support for our ear-
lier hypothesis that our framework enables argu-
ment trees to serve as a jurisdiction-independent
representation of the legal reasoning process.

Since the human value from which a pluralistic
consideration originates is not directly observable
in an argument tree, we propose to label each plural-
istic consideration with the corresponding human
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value using an LLM, possibly by prompting it using
the human values (and their definitions) taken from
an existing taxonomy (e.g., Kiesel et al. (2023),
Preniqi et al. (2024)). Since the way these abstract,
universally applicable human values are interpreted
in the legal context may differ across jurisdictions,
we propose to induce jurisdiction-specific human
values as follows. First, we partition the pluralistic
considerations in the training set according to the
human values assigned by the LLM, with one set
per human value. For each set, we apply a clus-
tering algorithm to induce sub-clusters, and ask an
LLM to label each sub-cluster with not only the
possibly jurisdiction-specific human value but also
a short description of the condition(s) under which
this value is applicable. Finally, we ask a legal
expert to review the resulting clusters and labels
and make iterative refinements as necessary.

Given a legal case [ in the test set, we propose to
incorporate pluralistic considerations into the argu-
ment tree generation process as follows. In Step 1,
we generate the list of pluralistic considerations
associated with [ using a text generator (data for
training this generator is readily available since we
have extracted for each training case the list of plu-
ralistic considerations). If directly generating the
pluralistic considerations given a case is deemed
too challenging, we can first label [ with the set
of jurisdiction-specific human values involved in it
using a trained model (data for training this model
is also available since all pluralistic consideration
in the training set are labeled with these values),
and then condition the text generator mentioned
above on not only the input legal case but also the
human value(s). In Step 2, we train a model that
takes as input any subset of the subconclusions we
have generated so far for the argument tree that do
not yet have parents and any subset of the pluralis-
tic considerations we have generated in Step 1, and
outputs a higher-level subconclusion or the root
node if the two sets can be combined.

In some legal cases multiple human values may
be involved. Note that these values are not abso-
lute: they are weighted against one another when
they conflict (Alexy, 2020). For example, certain
values are given more importance in a jurisdiction
(e.g., freedom of speech in U.S. constitutional law
vs. public order in Singapore) (Carrillo, 2023). For-
tunately, we can determine how conflicting values
are weighted in a given jurisdiction probabilisti-
cally. Recall that each pluralistic consideration in
each argument tree in the training set has been auto-

matically assigned a human value by the LLM. So,
when we see two human values appear in the same
tree, we can look at its root node, which contains
the judgment decision, to determine which of the
two values is given more importance in the judg-
ment process. Aggregating these per-tree statistics
over all argument trees in the training set enables
us to estimate how different values are weighted
against each other when they co-occur. These statis-
tics would be helpful for generating the LJP deci-
sions at the root node of an argument tree given a
legal case in the test set.

While incorporating human values into decision
making is not new, value alignment approaches de-
veloped for the general domains (e.g., rule-based
constraints, Reinforcement Learning from Human
Feedback, instruction fine-tuning) are insufficient
for LIP (see Appendix B for a detailed discus-
sion). Because LJP requires jurisdiction-aware,
interpretation-linked, and structurally embedded
human value integration, the challenge is qualita-
tively different from general value alignment in
Al Our proposal addresses this gap by designing
a system where human values are formalized as
reasoning premises within argument trees, parame-
terized by jurisdiction.

Recommendation #4: LJP systems should use
human values when making decisions. By model-
ing each pluralistic consideration as a premise in an
argument tree, we confine all jurisdiction-specific
information within a node, enabling argument trees
to continue to serve as a jurisdiction-independent
representation of the legal reasoning process.

4 Conclusion and Further Discussion

LJP researchers have primarily focused on enhanc-
ing evaluation performance on standard datasets,
paying insufficient attention to the long-term chal-
lenges in the field. To build next-generation LJP
systems that are trustworthy, we laid out a vision
for legal reasoning that models the process as argu-
ment tree generation, demonstrating that argument
trees have the potential to serve as a jurisdiction-
independent representation of the legal reasoning
process that enables pluralistic values to be nat-
urally incorporated. Further discussion of the is-
sues related to our proposal can be found in the
Appendix, including dataset issues (Appendix C),
evaluation issues (Appendix D), scalability issues
(Appendix E), and the broader applicability of our
framework to scenarios beyond LJP (Appendix F).
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Limitations

The views expressed in this position paper are nec-
essarily subjective, so readers may potentially dis-
agree with some or all of our proposed recommen-
dations for future research directions. Additionally,
we cannot provide a comprehensive overview of the
related research in LJP given the space limitations,
so a reader without the relevant background may
not be able to appreciate our recommendations.

Ethical Considerations

LJP systems should be developed to support, rather
than replace, legal professionals in their decision-
making processes while providing legal consulting
suggestions to individuals with limited legal knowl-
edge. Ultimately, the final decisions should be
made by the professionals themselves. While exist-
ing LJP approaches have high scores on evaluation
metrics, an equally important ethical consideration
is whether these systems follow the reasoning pro-
cesses that human judges would employ when mak-
ing predictions. In other words, LJP systems should
align with human reasoning logic rather than rely-
ing solely on patterns learned from datasets.
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A Current State of LJP Research

In this section, we discuss the commonly used LJP
corpora and the salient approaches to LJP. For ease
of exposition, we present information on corpora
and approaches in Tables 4 and 5 respectively. For
each of the corpora, we discuss the jurisdiction
for which it was developed, its goal and annota-
tions. Moreover, we describe the general strengths
and limitations of existing corpora. As for ap-
proaches, we first classify them as rule-based, tradi-
tional neural-based, or neural approaches. We then
subcategorize neural approaches based on whether
they are reasoning-based approaches, interpretabil-
ity approaches, or approaches that incorporate ex-
ternal knowledge. For each approach, we discuss
its strengths and weaknesses.

B Inadequacy of General-Domain Value
Alignment Approaches for LJP

In LLMs and general NLP systems, value align-
ment is commonly implemented through a combi-
nation of rule-based constraints (manually crafted
safety rules to filter or block content that violates
broadly agreed ethical norms), instruction fine-
tuning (training on datasets labeled by annotators
to encourage outputs that reflect a target set of so-
cial principles), and RLHF (learning a reward func-
tion based on human preference rankings to steer
generation toward “aligned” responses). These ap-
proaches work well in general domains because
they assume a relatively stable, context-agnostic set
of high-level values, and they typically operate ei-
ther globally at model-training time or as post-hoc
output filtering. However, these value alignment
approaches that work for the general domains are
insufficient for LJP, for the following reasons.

First, in LJP, embedding human values is not
a matter of adding general ethical filters. It is an
inherent part of the LJP reasoning process that has
several domain-specific complexities.

Second, legal values vary fundamentally be-
tween jurisdictions. For example, racial equality
and freedom of speech carry constitutional priority
in U.S. case law, while social harmony and moral
education carry much higher weight in Chinese
jurisprudence. A single static alignment model can-
not capture such variability. Instead, LIP requires
value parameterization (represented as a premise
node) so that the model can dynamically switch the
value set according to the applicable legal system.

Third, in our argument tree generation frame-
work, human values are embedded as premise
nodes in legal argument trees, meaning they di-
rectly influence the path from evidence to deci-
sion. This is fundamentally different from the post-
generation filtering or latent preference weighting
seen in general-domain Al. Here, value alignment
has to be explainable, traceable, and legally justifi-
able.

Fourth, many values in law are not abstract ideals
but legally defined and interpreted through legis-
lation, precedent, and doctrines. Capturing this
requires combining value nodes with statutes and
precedents, something general-domain alignment
methods do not do.

Finally, courts often face conflicts between com-
peting values (e.g., freedom of expression vs. na-
tional security) and resolve them using jurisdiction-
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Description

Strengths

Weaknesses

Heuristic Approaches

Modeling legal reasoning as a series of heuristic rules (Kort,
1957; Segal, 1984; Nagel, 1963), each of which is represented
in IF-THEN format like "A if By, and Bo, ...B,, ". If the case
facts align with the preconditions of the rules, the corresponding
conclusion is triggered.

Decision is easily
interpretable

These rules are often (1) overly
simple and (2) too rigid to be gen-
eralizable.

Machine Learning Approaches

Feature-based: cast LJP as a classification task (where judgment
outcomes are class labels) and take an off-the-shelf learning algo-
rithm (e.g., Support Vector Machines) to train a classifier (Sulea
et al., 2017; Katz et al., 2017; Aletras et al., 2016; Lin et al.,
2012), typically using word n-grams as representations of the
case facts.

Obviates the
need to manually
design  decision
rules.

The semantic representations of a
case (using n-grams) are weak.

Neural-based Approaches

Early models predict judgment outcomes by (1) embedding
case facts using methods like Word2Vec (Mikolov et al., 2013),
(2) encoding these embeddings with neural encoders such as
CNNs (LeCun et al., 1998), LSTMs (Hochreiter and Schmid-
huber, 1997), or GRUs (Cho et al., 2014) to capture contextual
semantics, and (3) feeding the representations into feedforward
classifiers to output task-specific legal labels (Wang et al., 2018;
Chen et al., 2019; Paul et al., 2020).

Employs an en-
hanced semantic
representation of a
case

Coverage of legal knowledge is
low

Reasoning-based Approaches: enable LJP models possess reasoning abilities.

Legal LLMs and Legal-specific pre-trained language models
have been developed (Colombo et al., 2024; Cui et al., 2023a;
Sun et al., 2024; Xiao et al., 2021; Shi et al., 2025; Yuan et al.,
2026), such as Lawyer LLaMA, ChatLaw, Legal-BERT, Law-
former. For English LJP, Legal-BERT has been pre-trained
on legal texts from diverse sources, such as legislation, court
cases, and contracts (Chalkidis et al., 2020). For Chinese LJP,
LaWGPT has been pre-trained on Chinese civil and criminal
legal documents (Zhou et al., 2024). Instruction strategies are
used to conduct LJP (Vats et al., 2023; Wu et al., 2023; Jiang
et al., 2024), such as prompting LLMs to predict judgment out-
comes based on facts, candidate labels, and relevant precedent
cases (Wu et al., 2023). Neural-symbolic LJP models com-
bine semantic representations from neural networks with logical
reasoning based on symbolic rules (Gan et al., 2021; Wei et al.,
2025). These symbolic rules are typically organized as logical
expressions or knowledge graphs. During the prediction phase,
the model often adopts a late fusion strategy, integrating the out-
puts of the neural and symbolic components through weighted
_ combination.

LLMs  possess
lots of legal
knowledge and
can understand
complex instruc-
tions. Symbolic
components (such
as rule bases or
logical representa-
tions) can provide
explicit reasoning
paths, enabling
the model to
exhibit stronger
legal logic rather
than relying solely

on statistical
patterns in the
data.

LLMs often generate hallucina-
tions and lack alignment with hu-
man legal reasoning, as they de-
pend on implicit patterns from
large datasets rather than struc-
tured legal logic. This limits their
effectiveness in complex or nu-
anced cases. While integrating
neural and symbolic components
offers a path toward reasoning,
current approaches—such as loss-
based fusion of prediction proba-
bilities—are shallow, and prede-
fined rules usually support only
single-step inference, hindering
the modeling of multi-step legal
reasoning.

Knowledge: incorporate various forms of external legal knowledge.

Dependencies among the judgment results are exploited
by (Xu et al., 2020b; Wang et al., 2018, 2019; Zhong et al.,
2018): if a law article is predicted, the corresponding predicted
term of penalty should fall within the range defined by that law
article, rather than exceeding it. By establishing these dependen-
cies among judgments, the model can generate non-contradictory
outcomes. Also, Historical cases are retrieved as judgment ref-
erences (Li et al., 2023).

Broadens the
range of reasoning
rules available to
the model but also
guides its predic-
tive behavior by
referencing  the
injected reasoning
rules

Many models rely on static le-
gal knowledge bases (e.g., statutes,
precedents), which may not reflect
recent legal updates. Models of-
ten incorporate only limited types
of knowledge (e.g., statutes), ig-
noring other critical sources such
as case interpretations, procedural
context, or expert reasoning, re-
sulting in shallow or biased pre-
dictions.

Interpretability: accompanying a model’s prediction with a natural language explanation of the prediction.

Pre-explanation strategies generate explanations before making
predictions, such as extracting rationales from case facts to guide
legal article prediction (Chalkidis et al., 2021; Zhong et al., 2020;
Deng et al., 2023). In contrast, post-explanation strategies pro-
duce explanatory text after predictions to clarify the reasoning,
for example, identifying key sentences whose removal signifi-
cantly impacts model performance as explanations (Malik et al.,
2021; Yue et al., 2021b; Li et al., 2025).

Provides clear ex-
planations to in-
crease trust and ac-
ceptance.

The explanations provided by the
model are often too technical
for ordinary people to understand.
Additionally, the reasoning be-
hind these explanations is usu-
ally straightforward and lacks the
depth needed to cover complex le-
gal cases, making it hard for users
to fully grasp the decision process.

Table 4: Approaches to Legal Judgment Prediction.
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Dataset/Language Annotations

Goal

ECHR2021/English (Chalkidis (alleged) law articles and
et al., 2021)
level rationales

violations with paragraph-

Evaluating models performance on law article prediction
and explanations

CAIL2018/Chinese (Xiao law articles, charges and

Evaluating models performance on law article, charge

etal., 2018) prison terms and prison term predictions.

CMDL/Cinese (Huang etal., multi-defendant law articles, Evaluating models performance on multi-defendant law
2024) charges and prison terms article, charge and prison term predictions.
LJPCHECK/Chinese testing instances with judg-  Evaluating model performance in extracting factual ele-

(Zhang et al., 2024) ments, fact elements

ments and identifying biases related to ethnicity, location,
and other dimensions.

SJP/Multi-lingual (Niklaus  court decisions

Evaluating models performance on court decision pre-

et al., 2021) diction.
ILDC/English (Malik et al., court  decisions  with Evaluating models performance on court decision pre-
2021) sentence-level explanations  diction.

Strengths: Many datasets contain tens or hundreds of thousands of real-world legal cases, enabling robust training and
benchmarking of models. These datasets are collected from real legal systems (e.g., Chinese court judgments), making

them highly relevant and useful for applied legal Al tasks.

Weaknesses: Most existing LJP datasets are derived from court judgment documents, which often contain indicative
phrases (e.g., "the case is particularly serious") that explicitly hint at the outcome. Models tend to learn these superficial
shortcuts rather than genuine legal reasoning, which deviates from real-world application scenarios—where such
indicative language is typically absent. While some datasets include explanation annotations, these are often either overly
technical or lack sufficient detail, resulting in inadequate support for modeling robust legal reasoning.

Table 5: Commonly used corpora for Legal Judgment Prediction.

specific balancing tests or proportionality frame-
works. General-domain alignment techniques,
which operate on static preferences, lack the ca-
pability to model such structured, context-sensitive
trade-offs.

Because LJP requires jurisdiction-aware,
interpretation-linked, and structurally embedded
human value integration, the challenge is qualita-
tively different from general value alignment in
Al Our proposal addresses this gap by designing
a system where human values are formalized
as reasoning premises within argument trees,
parameterized by jurisdiction, and combined
to the relevant legal norms. This ensures both
legal validity and adaptability, a combination not
addressed by existing alignment research.

C Dataset Issues

While the main text focuses on modeling issues, in
this section, we discuss the relevant dataset issues.

C.1 Annotation

To train the models for the various tasks we pro-
posed in the previous section, we have suggested
using automatically created data or methods that
rely on a small amount of labeled instances. While
these methods offer a quick way of obtaining data
for model training, in the long run it would be de-
sirable to construct labeled datasets to train these
models. Beyond training, we also need labeled
data for model evaluation. Below we discuss what
annotations we propose to create manually.

Argument trees. We proposed to learn how to
generate argument trees as a supervised learning
task, where the "label" associated with a legal case
is its argument tree. To obtain these argument tree
"labels", recall that we proposed to use existing
argument mining tools to automatically extract ar-
gument trees from court decisions on legal cases.
Hence, the quality of the resulting trees depends
entirely on the accuracy of the tools being used.
However, even for languages for which legal argu-
ment mining is reasonably mature (e.g., English),
argument mining F-scores do not exceed 0.9, mean-
ing that these trees are not perfect. For many other
languages, such argument mining tools simply do
not exist. Hence, there is a need for manual argu-
ment tree annotations for training better argument
mining tools or building such tools from scratch if
they do not already exist.

So far, different legal argument mining re-
searchers have chosen to annotate argument trees
on different corpora using different argumentation
schemes. We believe that it would be desirable for
the LJP research community to develop a shared
vision of how this annotated corpus should be devel-
oped, including issues as fundamental as which cor-
pus to annotate using which argumentation scheme,
as the lack of standardization could hinder research
progress in this field. For instance, if different
researchers evaluate their models on their own cor-
pora, it makes it difficult to directly compare mod-
els and track research progress, and if different
argumentation schemes are used to annotate argu-
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ment trees, it makes it harder to train models on all
available corpora.

Pluralistic values. As mentioned in Sec-
tion 3.3.1, the annotation of pluralistic values can
be performed as part of argument tree annotation.

Recommendation #5: We recommend that legal
corpora be annotated with argument trees and hu-
man values, and the community develop a shared
vision of how annotated corpora should be devel-
oped. The LJP community is lacking shared in-
frastructure and resources, and the development of
such corpora would benefit the field in the long run.

C.2 Knowledge Acquisition

To perform legal reasoning, a LJP system needs to
be equipped with legal knowledge. Moreover, since
legal knowledge is constantly evolving, we need to
provide a LJP system with up-to-date knowledge.
While there exist public legal databases (e.g.,
PKULAW (Zhang et al., 2023)) from which le-
gal knowledge can be acquired, their data may
be outdated as legal knowledge evolves over time.
Hence, many existing LJP systems search for legal
knowledge on the Web (Chen et al., 2024; Peng
and Chen, 2024). While open-source data sources
offer a wealth of information, identifying authentic
content is challenging due to the vast amount of in-
accurate as well as fabricated knowledge available.

Recommendation #6: We recommend that a re-
liable legal knowledge base (KB) be built that con-
tains up-to-date legal knowledge (i.e., legal regula-
tions and historical cases). To ensure that the legal
knowledge in the KB is accurate, we can assert that
a piece of knowledge cannot be inserted into the
KB unless it (1) is downloaded from authentic web-
sites (e.g., government websites) or (2) has been
manually verified by trusted parties. We therefore
recommend that this KB be built via a collaborative
effort by LJP researchers and other stakeholders
who care about the importance of trustworthiness
in LJP. To ensure that the knowledge in the KB is
up-to-date, these trusted parties will have to take
the responsibility to maintain the KB by deleting
obsolete knowledge and update it with new knowl-
edge. Moreover, some legal data is sensitive, so
techniques are required to safeguard legal data pri-
vacy. We recommend using federated learning (Wu
et al., 2024; Dai et al., 2024), which can allevi-
ate the data privacy problem, to handle sensitive
data. We believe that this legal KB is an infras-
tructure that can have a significant impact on the

LJP research community in the long run, so the
community should develop a shared vision of how
this KB should be built and maintained.

D Evaluation Issues

Among the models we proposed in Section 3, ar-
gument persuasiveness, as a regression task, can
be evaluated using standard metrics for regression
such as the mean squared loss; and clarification gen-
eration, as a text generation task, can be evaluated
using generation metrics that can capture seman-
tics, such as BERTScore (Zhang et al., 2020).7
Evaluating argument trees is less trivial. Specifi-
cally, we borrow ideas from the Argument Mining
community, where a tree is evaluated in terms of
(1) argument component extraction performance,
where the extraction performance of each type of
argument components (e.g., claims, premises) is
evaluated; and (2) relation extraction performance,
which evaluates the quality of the links between
different argument components (e.g., whether a
child indeed supports its parent). Both tasks are
evaluated in terms of recall, precision, and F-score.
There is a caveat, however. Unlike in argument
tree extraction where the tree nodes correspond to
text spans extracted from text, in argument tree
generation, the non-leaf nodes are all generated.
Hence, when evaluating these nodes, we have to
rely on generation metrics such as BERTScore.®

Recommendation #7: We recommend examin-
ing whether there is any relationship between the
persuasiveness scores and the argument tree eval-
uation scores described above. If so, we can in-
vestigate methods for predicting the argument tree
scores directly from the persuasiveness scores, thus
enabling evaluation to be conducted without using
(costly-to-obtain) gold argument trees.

E Scalability Issues

In this section, we discuss the scalability issues
surrounding our proposed method.

While the space of argument trees results in a
combinatorial explosion, it does not necessarily
imply that our method is not scalable. Specifi-
cally, many problems in Al and machine learning,

"Note that these are preliminary proposals and should be
modified based on their effectiveness. As a last resort, human
evaluation can be employed.

8Since pluralistic values are integrated into an argument
tree as tree nodes, we can evaluate whether the right values
are being used and whether they are used in the right places in
the tree, both in terms of recall and precision.
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like our argument tree generation task, have large
search spaces, yet the search algorithm can be scal-
able for searching for the hypothesis using, for
instance, dynamic programming or heuristics. As
a specific example, consider decision tree learning.
The possible space of decision trees is exponential
in the number of attributes, yet the well-known ID3
decision tree learning algorithm, which uses Infor-
mation Gain or Gain Ratio as the split criterion,
enables a decision tree to be learned efficiently in
an incremental, greedy fashion. As for our method,
we believe that it is scalable to the legal corpora
that are commonly used in the NLP community, for
the following reasons.

First, it is piecemeal in nature, building an argu-
ment tree in an incremental (bottom-up) fashion.
In other words, we are not considering all the possi-
ble trees in each step of the tree generation process.
This is similar to the classical decision tree learning
problem mentioned above: the space of decision
trees is huge, but decision tree algorithms such as
ID3 operate by building a tree in an incremental
(top-down) fashion to achieve scalability.

Second, each step in our approach (including
key fact identification and applicable norm identi-
fication) can handle all least the commonly used
LJP corpora in the NLP community without scal-
ability issues. Specifically, empirical analyses of
existing large-scale legal datasets used in the NLP
community (Xiao et al., 2018; Petrova et al., 2020;
Cui et al., 2023b; Chalkidis et al., 2019) show that
the vast majority of court decisions range from
4 to 25 pages, with exceptionally complex cases
rarely exceeding 50 pages, and the average num-
ber of key fact candidates in well-known datasets
(e.g., CAIL2018 (Xiao et al., 2018) and ECtHR
(Chalkidis et al., 2019)) is between 15 and 35 key
facts per case. It is important to note that while the
number of candidate facts can be large, the actual
number of key facts is small (i.e., 15-35). Note that
all the subsequent steps in our proposal operate
on key facts, not candidate facts. In other words,
the number of key facts is not going to pose prob-
lems with our approach. Since the candidate facts
are being used in the key fact extraction step (by
the binary classifier) only, even if we have tens of
thousands of candidate facts given a case descrip-
tion, this is not going to present any computational
issues for our approach.

While it is conceivable that our approach may
still not be able to efficiently handle a 1000-page
case description where the number of actual key

facts is large, we are not claiming that our approach
can solve all the challenging problems. Neverthe-
less, the fact that our approach is able to handle
existing legal corpora commonly used in the NLP
community represents a good starting point.

Recommendation #8:  Further research is needed
to address potential scalability issues surrounding
our argument tree generation framework. There are
many ways in which efficiency can be improved.
For instance, legal norms and precedents can be
clustered based on semantic type (e.g., norms re-
garding divorce, murder, robbery), and each pre-
condition associated with a norm/precedent can be
assigned a semantic type (e.g., severity of injury,
amount of theft), so that key facts can be matched
against norms/preconditions in an efficient manner
via semantic types and the clustering results. Note
that clustering and semantic typing of norms, prece-
dents, and preconditions can be done only once and
in an offline fashion, there are certainly ample op-
portunities to make the argument tree generation
process scalable to cases with a large number of
facts.

F Broader Applicability

In this section, we discuss the broader applicability
of the argument tree generation task.

F.1 Practical Utility

We begin by discussing the practical utility of the
argument tree generation task, with the goal of
highlighting how the task can help lawyers, judges
and legal experts in day-to-day life. Specifically,
we provide six example scenarios in which the task
would be of practical utility.

First, the argument tree generation task is capa-
ble of identifying which legal norms are applicable
to a fact. This functionality can assist lawyers and
judges in predicting the relevant norms for a case
and in offering informed judgment advice when
dealing with new cases.

Second, the task can serve as a valuable tool
for judges when reviewing their written judgments.
In practice, once a case is decided, judges must
compile all judicial reasoning processes into a for-
mal legal document. By applying the argument
tree-generation task, it is possible to automatically
produce a structured, tree-like representation of
the reasoning — capturing key facts, applicable
norms, conclusions, and the logical links among
them. Judges can then compare this generated argu-
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ment tree with their own written analysis, allowing
them to assess whether their reasoning is legally
compelling, identify any gaps or weaknesses, and
ultimately enhance the quality and persuasiveness
of case documents.

Third, the task also offers law students a practical
learning framework and clear analytical guidelines
for developing persuasive legal arguments. Typ-
ically, when presented with a new case, students
attempt to reason through the facts and applicable
laws, yet may be uncertain whether their reasoning
is accurate or effective, often relying on expert feed-
back. With the argument tree-generation approach,
students can directly compare their own reasoning
structures with a generated tree, gaining insight
into how well their arguments align with legally
sound reasoning patterns and receiving guidance
on how to strengthen them.

Fourth, the argument trees generated via this
task can be used to enhance historical case retrieval
systems. Given a legal case at hand, the goal of
historical case retrieval is to retrieve from a histori-
cal case base those legal cases that are most similar
to the case at hand. Currently, historical case re-
trieval systems operate by (1) converting each case
in the historical case base as well as the case at
hand into a dense representation, and then (2) com-
puting the similarity of the dense representations
to retrieve the most similar historical cases. This
approach sometimes ignores subtle lexical cues in
a case that are crucial to accurate historical case
retrieval. We can use generated argument trees to
improve the retrieval process by (1) representing
each case (both the case at hand and each of the
historical cases) as an argument tree, and (2) com-
puting the similarity of the argument trees instead.
This can potentially improve the accuracy of the
retrieval process because (1) similar cases should
have similar argument structures (and hence sim-
ilar trees), and (2) the tree structures can amplify
the differences between lexically similar cases that
turn out to be semantically dissimilar, thus reduc-
ing the chance of retrieving lexically similar but
semantically dissimilar cases.

Fifth, the task can support Al-assisted legal draft-
ing and pre-trial preparation. Before a trial begins,
lawyers often need to draft briefs that outline the
facts, legal norms, and anticipated arguments. By
automatically generating an argument tree from the
case description, lawyers can obtain a clear, struc-
tured map of potential lines of reasoning, including
possible counterarguments, and logical dependen-

cies. This not only accelerates the drafting process
but also helps identify weak arguments ahead of
time, improving preparedness and the overall per-
suasiveness of submissions.

Sixth, the task can help norm applicability
checking, which refers to the process of verify-
ing whether the legal norms applied in a case are
appropriate given the established key facts. In the
context of reviewing historical cases, legal experts
can systematically examine whether the generated
norms align with those applied in the original case.
Such analysis enables the detection of potential
misapplications or omissions of relevant statutory
provisions.

F.2 Applicability to Pleas

Recall that our work targets LJP, which operates on
fact descriptions, not pleas. While pleas are outside
the formal LJP definition, for researchers who are
primarily interested in pleas, we believe that our
framework can be extended to handle pleas.

Specifically, a plea contains both the case facts
as well as the corresponding legal argument. If our
approach is applied to a plea, it will generate an
argument tree using the facts it contains and ignore
the legal argument. Having said this, our approach
can be more or less applied to pleas as is, except
for plea preprocessing and key fact identification.

To exemplify, consider a plaintiff’s plea that "On
10 February 2023, the Defendant failed to deliver
the 500 units of medical equipment as specified in
Purchase Order #4521, despite having received full
payment in advance on 15 January 2023. Under
Article 45 of the Commercial Contract Law, a seller
must deliver goods within the agreed period after
payment has been made.The Defendant’s failure
to deliver constitutes a material breach of contract.
The Plaintiff respectfully requests that the Court or-
der the Defendant to refund the full purchase price
of USD 250,000 and compensate for consequential
damages in the amount of USD 50,000 pursuant to
Article 65 of the same law."

First, pleas are often lengthy and contain irrele-
vant material, so we first extract or infer candidate
facts from the plea. Some facts may be implicit
rather than explicitly stated and must be inferred.
We therefore generate the full set of fact candidates.
After this step, we can obtain a pool of candidate
facts for our example plea:

* CF1: Full payment of USD 250,000 was made
on 15 Jan 2023.
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* CF2: Agreement specified delivery of 500
units by 10 Feb 2023.

* CF3: Defendant failed to deliver goods by
deadline.

* CF4: Article 45 imposes delivery obligation
after payment.

* CF5: Article 65 provides for refund + conse-
quential damages for breach.

Next, we need to identify the subset of the can-
didate facts that correspond to key facts (legally
relevant and evidence-backed):

e KF1: Full payment of USD 250,000 was made
on 15 Jan 2023.

* KF2: Defendant failed to deliver goods by
deadline.

Unlike traditional fact description inputs in LJP,
pleas may contain no evidence-backed irrelevant in-
formation. However, current models cannot check
them automatically as fact checking is done by le-
gal experts in practice. Note that while there can
be a large number of candidate facts, key fact iden-
tification typically yields a small, bounded set to
work with to solve the long text problem.

The next step involves determining applicable
norms. This step is the same as what we described
in the paper (i.e., no change is needed). Note, how-
ever, that while the party provides the norms (as
part of the legal argument), our approach ignores
them and will identify the applicable ones. N1:
Atrticle 45 — Delivery obligation: Seller must de-
liver goods within agreed period after payment. For
example, we may get two norms:

* N1: Article 45 — Delivery obligation: Seller
must deliver goods within agreed period after
payment.

* N2: Article 65 — Remedy for breach: Refund +
consequential damages for breach of contract

The next step involves applying the norms to
facts to generate conclusions. This step is also the
same as what we described in the paper (i.e., no
change is needed). We match the key facts to norm
preconditions, then reason toward conclusions.

There are two level conclusions. First, KF1 (Pay-
ment made) + KF2 (No delivery) + N1 (Article 45)
— C1 (Defendant is in material breach of contract.)

Second, C1 (Material breach+ N2 (Article 65) —
C2 (Plaintiff entitled to refund of USD 250,000 and
consequential damages of USD 50,000.)

Recommendation #9: While our argument tree
framework is originally developed specifically to
model the legal reasoning process with the goal
of enabling LJP systems to make decisions that
are trustworthy and transparent, we believe that
this framework has broader practical utility beyond
LJP. We recommend that researchers look for novel
application scenarios to which this framework can
be applied.
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