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Abstract

The use of Al in legal analysis and predic-
tion (LegalAl) has gained widespread atten-
tion, with past research focusing on retrieval-
based methods and fine-tuning large models.
However, these approaches often require large
datasets and underutilize the capabilities of
modern large language models (LLMs). In
this paper, inspired by the debate phase of real
courtroom trials, we propose a novel legal judg-
ment prediction model based on the Debate-
Feedback architecture, which integrates LLM
multi-agent debate and reliability evaluation
models. Unlike traditional methods, our model
achieves significant improvements in efficiency
by minimizing the need for large historical
datasets, thus offering a lightweight yet ro-
bust solution. Comparative experiments show
that it outperforms several general-purpose and
domain-specific legal models, offering a dy-
namic reasoning process and a promising di-
rection for future Legal Al research. Our code
is released at https://github.com/Xi7997/
Debate_Feedback.

1 Introduction

Legal Al leverages artificial intelligence technolo-
gies such as natural language processing, machine
learning, and deep learning to address various legal
tasks (Aletras et al., 2016; Katz et al., 2017; Zhong
et al., 2020), including legal document analysis
and consultation. A key area of LegalAl is Legal
Judgment Prediction (LJP) (Zhong et al., 2018a;
Ma et al., 2021; Cui et al., 2023), which focuses on
predicting court judgments. LJP tasks typically use
historical legal case data, including background
information, case descriptions, statements from
both parties, precedents, and court verdicts. Pre-
dictions range from binary outcomes (e.g., plaintiff
vs. defendant wins) to multi-class tasks (e.g., sen-
tence prediction). NLP technologies, combined
with advanced models like LegalBERT (Chalkidis
et al., 2019) and Lawformer (Xiao et al., 2021),
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have achieved strong results by learning from large
datasets.

The debate model is a system that integrates
large language modeling (LLM) with argumenta-
tive reasoning techniques to simulate the process
of debate or contention (Irving et al., 2018; Nie
et al., 2020), ultimately arriving at a decision or
conclusion on a specific issue through the debate
process. In a typical debate task, multiple LLM
agents assume different roles and are deliberately
guided to provide answers from various perspec-
tives or positions. These generated arguments are
then synthesized to assist the LLM in reaching a
final conclusion (Zeng et al., 2022).

In this paper, we propose a Debate-Feedback
model to explore an efficient and convenient
method for predicting legal judgement. Fig[1]
shows the general framework of the model in the
task of predicting decision results. Specifically,
Debate-Feedback can be divided into four steps.
First, the collected historical legal cases L; will
be formatted into Case Background C;, Plaintiff
Claim P; and Defendant Statement D);. These in-
formation will be provided to the judge LLLM for
initial prediction. In the second step of the debate,
multiple LLM agents will be guided to answer the
prediction questions from different perspectives,
and then exchange opinions and debate to gener-
ate their own comments F;. In the verification
phase, a pre-trained assistant model £ will conduct
a reliability analysis on each LLM’s comments
combined with case information. The results of
the analysis will be provided to the judge LLM
for reference together with each agent’s comments.
The judge LLM will give the prediction O; for this
round based on the above information £ = E; & L;.
More details are illustrated in the Methodology sec-
tion. In summary, we introduce a Debate-Feedback
model that enhances legal judgment prediction by
incorporating a multi-agent debate process and re-
liability evaluation, providing a more efficient and
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Figure 1: A brief introduction of Debate-Feedback Structure

accurate solution with reduced reliance on large
datasets.

2 Related Work

Legal documents are characterized by lengthy texts
and complex logic, which has led prior research
to focus on two key approaches to address these
challenges: training legal LLM and using retrieval
augmentation.

2.1 Legal LLM

In-context Learning(ICL) is a learning paradigm
widely applied in large language models (LLMs)
by using a set of context examples to guide predic-
tions during reasoning (Dong et al., 2024; Liu et al.,
2021; Gutierrez-Pachas et al., 2022; Min et al.,
2022). However, due to the often extensive length
of legal texts, naive ICL methods are constrained by
LLM input length limits. As a result, Legal Al solu-
tions typically combine ICL with fine-tuning or pre-
training of models to overcome these limitations.
For instance, LegalBERT (Chalkidis et al., 2019)
fine-tunes BERT on legal datasets, achieving strong
results in legal text classification and provision re-
trieval. Similarly, Lawformer (Xiao et al., 2021)
handles lengthy Chinese legal documents, while
CaseLaw-BERT (Paul et al., 2023), fine-tuned on
case law datasets, enhances legal case retrieval and
judgment prediction. Despite their success, these
approaches rely heavily on large, domain-specific
datasets, which can limit their applicability across
different legal systems and languages.

2.2 Retrieval Augmentation

Retrieving relevant legal precedents—court judg-
ments or legal decisions from previous cases—is
a mainstream approach to assist LLMs in making
predictions, especially in overcoming the challenge
of lengthy texts. By providing recommended sam-

ples, this method guides the LLM’s reasoning pro-
cess more effectively (Zhong et al., 2020; Huang
etal., 2021). Ma et al. introduced a framework that
deeply integrates legal precedents into judgment
prediction (Wu et al., 2023), combining the rea-
soning capabilities of LLMs with domain-specific
models to enable more accurate and context-aware
predictions. Similarly, Caseformer (Su et al., 2024)
employs a pre-training strategy that emphasizes dis-
tinctions between cases, enhancing case retrieval
performance. Although retrieval augmentation im-
proves the handling of long texts, it still relies on
the availability of large datasets, and its reliance
on specific legal systems and languages can limit
broader applicability across different jurisdictions.

3 Methodology

In this section, we first systematically introduce our
Feedback-Debate model, followed by an analysis
of the limitations of the general debate architecture
in specific legal scenarios, along with proposed
solutions to address these shortcomings.

Overview Algorithm[1] presents the pseudo
code for the debate-feedback framework in binary
classification. The input is a preprocessed legal
event text, labeled as S, and the main language
model (LM) plays the role of the judge, predicting
the probability of a legal judgment, LM : S —
[0,1]. Two agents, t,. and t,,, debate from op-
posing perspectives, providing inputs to refine the
judgment. Each debate round involves these agents
exchanging and debating their positions, with n
defining the number of iterations.

The assistant model £ evaluates the reliability
of the agents’ arguments and outputs a probabil-
ity. If the reliability exceeds a threshold, the main
LM adjusts its prediction by weighting the latest
information, otherwise it defaults to the initial pre-
diction. The final decision is smoothed over all
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Algorithm 1: Debate-Feedback
Imput: LM, E:S — [0,1];n, T € N;
€S ithe,tpo: S = S;
Output: Final decision y € (0,1);
O() — LM(x);
fori <+ 1tondo
// Debate Step
@ e, po — tne(T), tpo(x);
€ €ne, €po < tne(TBApo), tpo(TBane);

// Verification Step
VX Une, Vpo — E(€ne), E(€po)s
sum = LM (a,e,v);
if Threshold(v) then
O; =
(1-T)%Oj—1+T* LM (z, sum);

end
else

| Oy = LM(x);
end

end
Y On;

TrainingSet of Assistant model
Training X | {Case_background + Debater’s opinion}
Training Y | {Ground_truth XOR Debater’s position}

Table 1: Dataset of assistant model.

rounds to produce a stable outcome. (Note that no-
tation @ does not mean xor, but rather combination
in a non-additive sense.)

Reliability Analysis Through experiments, we
observe that a simple debate model can sometimes
lead to worse prediction results. This occurs be-
cause legal predictions differ from mathematical
problems, as they often involve subjective tenden-
cies. A straightforward example is when we guide
multiple LLMs to debate from the perspectives of
the plaintiff and defendant, it is challenging for
them to reach a consensus. To address this is-
sue, one of our solutions is to train an assistant
model that learns from a large corpus of legal event
annotations and assists in evaluating the reliabil-
ity of different debate arguments, as shown in Ta-
ble[1]. Specifically, the training set for the assistant
model is generated from multiple runs of the unas-
sisted Debate-Feedback model, which we refer to
as Debate-Feedback (single) in the subsequent ex-
perimental section.

Smoothing Operation To mitigate the impact
of a "failed" debate where the main LLM generates
incorrect answers, we apply a smoothing operation.
This involves saving the results of each prediction
and assigning them a certain weight. Specifically,
let LM (x) represent the predicted result of the i-th
debate and 7" be the weighting factor. The updated
result is calculated as:

Oi (1=T)*O;_1 +TxLM(z) (1)

where T' € [0, 1] represents the weight assigned to
the latest prediction.

4 Experiment

4.1 Dateset and Baseline

Along with many influential Legal Al works, we
also use CaseLaw as the main dataset. The
CaseLaw dataset is a legal case dataset specifi-
cally used for natural language processing (NLP)
and machine learning tasks in the legal field, espe-
cially in the fields of legal case retrieval and legal
judgment prediction. This dataset contains a large
number of court case texts that have been judged,
usually including descriptions of legal facts, legal
reasoning, and judgment results. In order to test the
model’s cross-language and cross-legal capabilities,
we also used the Chinese dataset CAIL18 (Xiao
et al., 2018; Zhong et al., 2018b).

We compare Debate-Feedback with both gen-
eral large language models and legal domain mod-
els. GPT40 and GPT3.5-turbo are representative
general large language models at present (OpenAl
et al., 2024), and they have been proven to have
strong text analysis and logical reasoning capa-
bilities. LegalBert (Chalkidis et al., 2019) and
Lawformer (Xiao et al., 2021) are well-known
legal domain model, they’re able to capture the as-
sociation between legal terms and cases well. In
addition, CNN (Lecun et al., 1998) is also used as a
classifier for feature extraction in the baseline eval-
uation, with BERT (Devlin et al., 2019) serving as
the text embedding layer.

Considering that the debate-feedback framework
can essentially be seen as a large language model
reasoning framework, we also compare it with clas-
sic reasoning methods, including Few-shot Learn-
ing, Chain of Thought(CoT) (Wei et al., 2023)
and Reflexion (Shinn et al., 2023). We use gpt-4o
mini as the baseline model in this part and verified
them on a smaller subset on a smaller subset of the
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datasets (12,000 samples from CaseLaw and 3,000
samples from CAIL18).

4.2 Regular LJP tasks

Trial Prediction The input for trial prediction in-
cludes a legal text, along with the opinions of the
plaintiff and defendant. The predicted labels are
Plaintiff wins, Defendant wins, Settlement, and
Dismissed. Since Settlement and Dismissed are ex-
plicitly stated in the legal text, this can be reduced
to a binary classification task with two labels: Plain-
tiff wins and Defendant wins. The CaseLaw dataset
was used for this task, and Table[4] provides a sam-
ple.

Article Prediction Article prediction is a multi-
label classification task. The model receives a de-
scription of legal facts and the prediction content
contains multiple labels of different relevant law
articles. CAIL18 dataset is used in this task.

4.3 Evaluation Metrics

In this study, we evaluate the model performance

using two key metrics: accuracy and F1-score.
Accuracy(Acc) is the proportion of correct pre-

dictions among all predictions. It is computed as:

vazl (yl = ytrue,z') )
N

where NV is the total number of predictions, y;
is the predicted label, yye ; is the actual label, and
(+) is the indicator function that equals 1 when the
condition is true and O otherwise.

F1-score(F1) is useful for imbalanced datasets
as it balances precision and recall. In multi-class
classification, F1-score is computed for each class
and then averaged (macro F1-score). For a single
class, F1-score is given by:

Accuracy =

Fl—9x Prec%s%on x Recall 3)
Precision + Recall

Where precision and recall are defined as:

Z?L] 1(yl =cA Ytrue,i = C)

Zz‘]\; 1(% = C)

Precision =

4

Yoy Ly = €A Yrue,i = ©)
Zi]\il l(ytrue,i = C)

For multi-class classification, the macro F1-
score is calculated as the average Fl-scores for
all classes:

Recall = 5
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CaseLaw CAIL18
Model Acc | FI | Ace | FI
CNN(with BERT) 0.58 | 0.54 | 0.39 | 0.11
Legal-BERT 0.63 | 0.61 | 0.22 | 0.03
Lawformer 0.53 | 0.31 | 0.38 | 0.12
GPT-3.5-turbo 0.49 | 0.27 | 0.26 | 0.04
GPT-40 0.64 | 0.64 | 0.31 | 0.05
Debate-Feedback(single) 0.66 | 0.65 | 0.42 | 0.16
Debate-Feedback(assistant) | 0.67 | 0.66 | 0.45 | 0.16

Table 2: Comparison of models on CaseLaw and
CAIL18 datasets. All judge’s and debaters’ LMs in
experiments are based on the GPT-40 model and T =
0.5.

C
1
Flmacro = 6 Z Flc (6)

c=1

where C is the number of classes.

4.4 Experimental Results

The experimental results demonstrate the effec-
tiveness of the Debate-Feedback model, with the
inclusion of an assistant model in the feedback
loop enhancing prediction reliability and provid-
ing more robust results compared to the single
Debate-Feedback model. These results validate
the strength of our approach in improving the accu-
racy and consistency of legal judgment predictions.
Our experimental results are shown in Table[2],
Figure[2] and Figure[3].

CaseLaw Dataset Performance For the
CaselLaw dataset, the Debate-Feedback model out-
performed GPT-40, GPT-3.5-turbo, Legal-BERT,
CNN and Lawformer. The model with the assistant
achieved an accuracy of 0.67 and an F1-score of
0.66, while the single Debate-Feedback model ob-
tained slightly lower performance with an accuracy
of 0.66 and an F1-score of 0.65. These results show
that our method improves the performance of pre-
train legal domain models, which only achieved
an accuracy of 0.63 and an F1-score of 0.61. The
assistant model’s inclusion in the feedback loop
improves the reliability of predictions, making it
more robust compared to the single model.

CAIL18 Dataset Performance On the Chinese
legal dataset CAIL18, the Debate-Feedback model
achieved a remarkable accuracy of 0.45, signifi-
cantly surpassing GPT-4o (accuracy 0.31) and GPT-
3.5-turbo (accuracy 0.26). The model with an as-
sistant component further improved the F1-score to
0.16, highlighting the ability of the assistant model



to refine predictions and correct any inconsisten-
cies in the debate phase. These results also suggest
that the Debate-Feedback model is more versatile
in handling cross-linguistic challenges compared
to other models.

CaseLaw CAIL18
Model Acc | FI Acc | Fl
Few-shot 63.8% | 64.1% | 29.7% | 5.03%
CoT (4-steps) 63.7% | 64.0% | 31.2% | 6.17%
Reflexion 64.5% | 65.0% | 31.8% | 8.12%
Debate-Feedback (single) 66.2% | 65.7% | 41.9% | 16.1%
Debate-Feedback (assistant) | 67.1% | 66.1% | 44.8% | 16.3%

Table 3: Performance comparison of different reasoning
methods on CaseLaw and CAIL18 datasets.

Comparison with basic reasoning methods
As shown in table[3], Debate-Feedback struc-
ture achieves significant advantages in compari-
son with several basic reasoning frameworks. The
results show that Chain-of-Thought and Reflec-
tion perform only marginally better than Zeroshot,
while our Debate-feedback framework consistently
demonstrates superior performance, reinforcing the
conclusions of our original experiments.

We believe there are two primary reasons why
standard reasoning techniques like CoT and Reflec-
tion are less effective for this type of legal predic-
tion problem:

Complexity of Legal Texts: The legal text it-
self is lengthy and logically complex, and simple
prompts are difficult to be effective.

Nature of Legal Prediction: Legal prediction
is always different from logical reasoning. It is not
a step-by-step thinking toward the correct answer,
but usually a discussion to unify or compromise the
views of multiple parties. This is precisely why we
designed the Debate-feedback framework, which
is tailored to handle such tasks.

5 Conclusion

We propose a debate-feedback model based on
LLMs for legal judgment prediction and demon-
strated its feasibility through experiments. The
inclusion of an assistant model and reliability anal-
ysis enhances prediction robustness. Future work
could explore the application of debate models in
other fields or further integrate them with LLMs.

6 Limitations

Our work currently has the following limitations:
(a) The experiments were limited to two datasets
and two specific tasks, broader evaluations across

additional datasets and tasks are necessary to fully
validate the model’s robustness and generalizability
in different legal contexts.

(b) While the smoothing technique and assistant
model (reliability analysis) were included in the
framework, their individual contributions to the
overall performance were not deeply investigated.

(c) This work does not integrate retrieval argu-
ment techniques, which presents a promising di-
rection for future research to enhance the model’s
performance.
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A Appendix

1. The choices about different numbers of rounds and debaters on the debate-feedback model (without
assistant model).

As illustrated in Figures[2] and Figures[3], while the number of debaters and debate rounds
may vary depending on the specific task, generally, using 2-4 debaters and conducting 2-3 rounds often
yields favorable results. This configuration can serve as a useful reference for readers, helping to avoid
unnecessary computational overhead.

The Influence of the Number of Debaters Selected
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Figure 2: Influence of the number of debaters selected.

The Influence of the Number of Rounds
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Figure 3: Influence of the number of rounds selected.

2. A sample of Debate-Feedback Structure with one round and three debaters in binary classification
task, table[4].
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1. Initial Step

# input:

Here is a legal case, your task is to predict the result of the judge, the labels can be one of the following:

[\’Plaintiff wins\’,\’"Defendant wins\’].

ONLY output the one of the labels without anything else.

Here is the case background:

The case, "The Adams Express Company v. Richard T. Haynes," took place in 1865, involving a transaction where Richard T. Haynes entrusted a
trunk to the Adams Express Company for transport from Nashville, Tennessee, to Chicago, Illinois. Haynes claimed that the contents of the
trunk were lost due to the negligence and fraudulent actions of the express company. The express company provided a receipt outlining the

terms of service, which limited their liability ...

# output:

Plaintiff wins

2. Debate Step

Debater 0 Debater 1 Debater 2
# input: # input: # input:

Here is a legal case, your task is to
predict the result of the judge and
Debate withother experts, the labels
can be one of the following:
[\’Plaintiff wins\’,\’Defendant wins\’].
Please state your opinion and refer to
factual examples whenever possible.
Your answer no more than 200 words.
Here is the case background:

# output:

I predict that the judge will rule in

favor of the plaintiff, Richard T. Haynes.
Although the express company presented a
receipt with terms limiting its liability,

the crux of the case centers on the
allegations of gross negligence and possible
fraudulent actions ...

Here is a legal case, your task is to
predict the result of the judge and
Debate withother experts, the labels
can be one of the following:
[\’Plaintiff wins\’,\’Defendant wins\’].
Please state your opinion and refer to
factual examples whenever possible.
Your answer no more than 200 words.
Here is the case background:

# output

In the case of "The Adams Express Company
v. Richard T. Haynes," it is likely that

the plaintiff, Haynes, would prevail due to
the allegations of gross negligence and fraud.
Despite the express company\’s attempt to
enforce the terms of limited liability, these
clauses typically ...

Here is a legal case, your task is to
predict the result of the judge and
Debate withother experts, the labels
can be one of the following:
[\’Plaintiff wins\’,\’Defendant wins\’].
Please state your opinion and refer to
factual examples whenever possible.
Your answer no more than 200 words.
Here is the case background:

# output

In the case of "The Adams Express Company
v. Richard T. Haynes," I predict that the
judge will rule in favor of the plaintiff,
Richard T. Haynes. The key issue revolves
around whether the express company\’s
actions constituted gross negligence or

fraud, which would negate their ...

# input

Now I will give you the opinion of another
expert, if their opinions differ from yours,
you can support their views or offer a
counter-argument.

This round of conversation will be provided
to the judge for reference, so remember to
express your stance clearly.

Your answer no more than 200 words.

Here are their opinions:

# output

I largely agree with the perspective

of the first expert regarding the implications
of gross negligence and fraud in "The Adams
Express Company v. Richard T. Haynes." The
pivotal issue is whether Haynes can
convincingly demonstrate

# input

Now I will give you the opinion of another
expert, if their opinions differ from yours,
you can support their views or offer a
counter-argument.

This round of conversation will be provided
to the judge for reference, so remember to
express your stance clearly.

Your answer no more than 200 words.

Here are their opinions:

# output

I strongly agree with the assessment of the

first expert regarding the likelihood of the

plaintiff, Richard T. Haynes, prevailing in

"The Adams Express Company v. Richard T. Haynes."
The focus on the express company\’s

# input

Now I will give you the opinion of another
expert, if their opinions differ from yours,
you can support their views or offer a
counter-argument.

This round of conversation will be provided
to the judge for reference, so remember to
express your stance clearly.

Your answer no more than 200 words.

Here are their opinions:

# output

I find that I am in strong agreement with the
opinion of the second expert regarding the case

of "The Adams Express Company v. Richard T.
Haynes." The emphasis on the express company\’s
potential failure to demonstrate

3. Verification Step

{input: the summary of Debater 0’s statement
to the assistant model }

{output: reliability: 0.75}

4. Output step

{input: the summary of Debater 1’s statement
to the assistant model}
{output: reliability: 0.8}

{input: the summary of Debater 2’s statement
to the assistant model}
{output: reliability: 0.45}

# input:
{Follow the conversation from Step 1}

Some experts discussed the case in this round and here is the summary, please provide your final opinion.

Same as above, ONLY output the one of the labels without anything else.

Here is the debate summary:
[\VIn the case of ...]
{insert the reliability from Step 3}

# output
Plaintiff wins

Table 4: An Example of Debate-Feedback Structure

3. Performance of the smoothing mechanism.

Debate-Feedback Mechanism

Prediction Correction

Prediction Degradation

Accuracy Rate

Without Smoothing

102 115

62.8%

With Smoothing

93 11

65.7%

Table 5: Performance of smoothing mechanism.
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In our initial experiments, we unexpectedly discovered that a simple smoothing operation was particu-
larly useful in improving prediction accuracy. Specifically, we tested the Prediction Correction Rate and
Prediction Degradation Rate with and without smoothing on a binary CaseLaw dataset containing 3000

samples, as shown in table[5].

* Prediction Correction: When the initial prediction of the model is wrong, and it is corrected by the
debate-feedback framework.

* Prediction Degradation: When the initial prediction of the model is correct, but becomes incorrect
due to the framework.

We found that the Prediction Degradation Rate was particularly high without smoothing, while the
Prediction Correction Rate was about the same. This means the smoothing mechanism helps models avoid

relying too heavily on the influence of a certain debater.
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