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Abstract
The legal landscape encompasses a wide array of lawsuit types,
presenting lawyers with challenges in delivering timely and accu-
rate information to clients, particularly concerning critical aspects
like potential imprisonment duration or financial repercussions.
Compounded by the scarcity of legal experts, there’s an urgent need
to enhance the efficiency of traditional legal workflows. Recent ad-
vances in deep learning, especially Large Language Models (LLMs),
offer promising solutions to this challenge. Leveraging LLMs’ math-
ematical reasoning capabilities, we propose a novel approach inte-
grating LLM-based methodologies with specially designed prompts
to address precision requirements in legal Artificial Intelligence
(LegalAI) applications. The proposed work seeks to bridge the gap
between traditional legal practices and modern technological ad-
vancements, paving the way for a more accessible, efficient, and eq-
uitable legal system. To validate this method, we introduce a curated
dataset tailored to precision-oriented LegalAI tasks, serving as a
benchmark for evaluating LLM-based approaches. Extensive exper-
imentation confirms the efficacy of our methodology in generating
accurate numerical estimates within the legal domain, emphasizing
the role of LLMs in streamlining legal processes and meeting the
evolving demands of LegalAI. Github: https://github.com/Jhhuangkay/Optimizing-

Numerical-Estimation-and-Operational-Efficiency-in-the-Legal-Domain.

CCS Concepts
• Computing methodologies → Artificial intelligence.

Keywords
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Example 1: What is the 
amount of compensation?

Reviewing extensive legal 
documents and precedents

Lawyer

Lawsuits

Example 2: How many 
years in jail?

Answer for Example 1:
50,000 $

Answer for Example 2:
3 years

Figure 1: Flowchart of practical legal proceedings. When
clients or litigants bring their lawsuits to a law firm, they
often pose questions pertaining to their primary concerns,
such as financial compensation or imprisonment duration.
However, providing prompt answers to such queries is chal-
lenging, as lawyers may need considerable time to review
extensive legal documentation and precedents to offer well-
informed responses. Furthermore, if the lawsuit involves
numerical estimations related to other fields, such as esti-
mating asset values, additional experts from those fields,
such as asset valuation experts, are often required, further
prolonging the problem-solving process.

Management (CIKM ’24), October 21–25, 2024, Boise, ID, USA. ACM, New
York, NY, USA, 9 pages. https://doi.org/10.1145/3627673.3680025

1 Introduction
The legal field spans a broad spectrum of lawsuit types, encom-
passing motor vehicle accidents, personal injury compensation,
estate distribution, medical malpractice, and various other areas.
Lawyers encounter significant challenges in delivering prompt and
accurate information to their clients across these various lawsuit
types, particularly when it comes to crucial aspects like potential
imprisonment duration or financial repercussions in case of unsuc-
cessful lawsuits. This difficulty arises from the necessity to navigate
extensive legal documentation and precedent to provide informed
responses, referring to Figure 1. Unfortunately, this process not only
prolongs legal proceedings but also introduces inconsistencies and
uncertainties in legal outcomes [61]. Using the U.S. as an example,
∗ Both authors contributed equally to this research.
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compounding this issue is the fact that, according to the U.S. Finan-
cial Education Foundation (USFEF) [30], over 40 million lawsuits
are filed annually in the United States. However, the total number
of registered lawyers in the United States from 2007 to 2022 was
only approximately 1.34 million. This highlights a severe scarcity
of legal experts or practitioners. Consequently, there is an urgent
need to enhance the effectiveness and efficiency of traditional legal
proceedings and workflows.

In recent years, spurred by rapid advancements in deep learning,
researchers have increasingly turned to the application of deep
learning techniques within the realm of legal Artificial Intelligence
(LegalAI) [61]. This trend has led to the proposal of several new
LegalAI datasets [7, 8, 15, 31, 57], which serve as pivotal benchmarks
for research in this burgeoning field. Leveraging these datasets,
researchers have embarked on exploring Natural Language Process-
ing (NLP)-based solutions for a range of LegalAI tasks, including
legal judgment prediction [1, 9, 38, 60], legal entity recognition and
classification [2, 5], court view generation [59], legal summarization
[3, 18], and legal question answering [32, 41, 50].

However, existingmethodologies in LegalAI frequently encounter
challenges when attempting to accurately compute specific numer-
ical values for legal-related estimations, such as compensations or
prison durations, based on available data. This difficulty probably
stems from the predominant emphasis of current legal datasets
on traditional NLP text-based tasks like summarization, judgment
prediction, and text-based legal question answering. Nevertheless,
stakeholders in practical scenarios often demand precise numerical
estimates, presenting substantial hurdles for legal professionals.
Bridging this gap is crucial given the urgent demand for precision-
focused applications within the realm of LegalAI.

Recent advancements in Large Language Models (LLMs) offer
promising solutions to this challenge. LLMs possess the inherent
capability to perform mathematical reasoning tasks with proper
prompt guidance, enabling them to generate accurate numerical
estimates [29, 33, 55]. Leveraging this potential, this work pro-
poses a novel approach that integrates LLM-based methodologies
with a specially designed prompt approach. This method aims to
bridge the gap between traditional legal tasks and the evolving
demands of precision-oriented LegalAI applications. To validate
the efficacy of the proposed method, we introduce a curated dataset
tailored to the specific needs of precision-oriented LegalAI tasks.
This dataset serves as a robust benchmark for evaluating the perfor-
mance of LLM-based approaches in generating accurate numerical
estimates for legal scenarios. Through extensive experimentation
and analysis, the results demonstrate the effectiveness of the pro-
posed methodology in addressing the precision requirements of
LegalAI applications. The main contributions of this work are sum-
marized as follows:

• Enhanced Legal Proceedings with LLMs: We introduce
an innovative LLM-based method designed to improve the
effectiveness and efficiency of traditional legal proceedings
and workflows. By leveraging advanced language models,
this approach also addresses the scarcity of legal experts or
practitioners.

• Prompt Design for Numerical Estimation Challenges:
We propose a novel approach involving specially designed

prompts with in-context learning to address numerical esti-
mation challenges within the legal domain using LLM-based
models. This includes tasks such as asset valuation and im-
prisonment duration estimation, contributing to more in-
formed decision-making processes in legal contexts.

• Real-world Dataset of House Prices: Introducing a real-
world dataset of house prices, we provide a valuable resource
for validating LLM-based methods in the domain of financial
or numerical estimation within the legal field. Extensive
experiments are conducted using this dataset to evaluate the
effectiveness of the proposed LLM-based method.

2 Related Work
In this section, we examine key developments in AI integration
within the legal domain. We begin with early conventional AI
applications for legal challenges, move to the importance of LegalAI
datasets in improving AI’s legal capabilities, and conclude with the
transformative impact of LLMs on NLP and AI in the legal field.

2.1 Conventional AI in Legal Contexts
The intersection of AI and the legal domain has evolved from rule-
based expert systems to advanced deep learning models. Early
LegalAI efforts, such as TAXMAN and HYPO, used rule-based logic
to mimic human legal reasoning [16, 46]. Although these systems es-
tablished AI’s potential in legal applications, they were constrained
by their hardcoded knowledge and inability to generalize beyond
specific programming.
Deep Learning and Legal Judgment Prediction (LJP). The ex-
ploration of Legal Judgment Prediction (LJP) using deep learning
is a major milestone in LegalAI. Researchers [20, 36, 53] have pi-
oneered the use of neural networks to analyze legal documents
and predict outcomes. These advancements highlight the potential
of deep learning to improve performance and accuracy in legal
analytics.
Innovations in Model Architectures. Efforts to enhance LJP
performance have led to the adoption of advanced neural network
architectures. For example, researchers [9] implemented gating
mechanisms to improve penalty predictions, and [42] developed
multi-scale attention models to handle complex cases with multiple
defendants. These innovations demonstrate the ongoing quest for
models that better capture the nuances of legal reasoning.
Utilization of Legal Knowledge. Recent LegalAI research focuses
on integrating legal knowledge into AI models. For instance, [38]
demonstrates how attention mechanisms between facts and law
articles can improve charge predictions. Additionally, [60] uses a
topological graph approach to leverage relationships between differ-
ent LJP tasks, highlighting the value of structured legal knowledge
in enhancing model performance.
Advancements in Legal Entity Recognition and Other NLP
Applications. Beyond LJP, advancements in legal entity recog-
nition and classification have been driven by [2, 5], leading to
improved document analysis techniques. Additionally, innovations
in court view generation and legal summarization by [18, 59] have
opened new possibilities for automating the synthesis and summa-
rization of legal texts.
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Legal Question Answering. Advancements in legal question an-
swering have led to models that deliver precise responses to com-
plex inquiries. Research by [32, 41, 50] has significantly enhanced
the integration of legal knowledge with AI, providing valuable tools
for both legal professionals and the public.

The shift from conventional AI to deep learning in the legal sector
represents a significant transformation, improving efficiency, accu-
racy, and accessibility while democratizing legal expertise. However,
this shift introduces challenges, including the “black box” nature
of deep learning models [13, 21–28, 56], which obscures decision-
making logic crucial in legal contexts. Additionally, these models
may reflect biases from their training data, raising ethical concerns
about fairness and impartiality. They also sometimes struggle to
generalize to new scenarios, limiting their effectiveness in diverse
legal cases.

Our approach addresses these issues by leveraging LLMs with
in-context learning and tailored prompts to enhance interpretabil-
ity, reduce bias, and improve generalization. We aim to make LLM
reasoning more transparent, helping legal professionals understand
and trust AI insights. By conducting thorough bias audits and ad-
justments, we ensure ethical standards and fairness. Additionally,
in-context learning enables our models to adapt to various legal
scenarios, bridging the gap between traditional practices and mod-
ern AI. This integration of human expertise and AI promises to
revolutionize legal practices, making them more efficient, fair, and
adaptable.

2.2 LegalAI Datasets
The development of various legal datasets has significantly accel-
erated the evolution and impact of LegalAI. These meticulously
curated datasets reflect the intricacies of legal processes and knowl-
edge, serving as a vital link between traditional legal expertise and
the computational efficiency of modern AI technologies.

The JEC-QA dataset [62] highlights the growing need for special-
ized datasets for legal question-answering. Similarly, the CAIL2019-
SCM dataset [15, 58] addresses case similarity and judicial reading
comprehension, emphasizing the importance of understanding and
interpreting judicial documents. The contributions of [6, 7] extend
LegalAI research by providing datasets for multi-label classification
of EU legislation and neural legal judgment prediction. These ad-
vancements improve AI’s textual analysis capabilities and expand
its application across various legal systems. The work [40] focuses
on summarizing contracts into plain English, enhancing the clarity
of legal documents, and highlighting AI’s role in simplifying legal
language. Additionally, the CAIL2018 dataset [57] demonstrates
AI’s potential for automating and predicting legal outcomes, pro-
viding a solid foundation for judgment prediction. Furthermore, the
LENER-BR dataset [39], focused on named entity recognition in
Brazilian legal texts, emphasizes the need for specialized AI models
in legal document analysis. Similarly, the COLIEE dataset [31] and
the legal case law search collection [37] offer essential resources
for evaluating legal information extraction, entailment, and search
engine performance, highlighting the breadth of LegalAI research.
Moreover, datasets such as JURISDIC [11] for Polish legal dicta-
tion, the LKIF Core ontology [19] for legal concepts, and the HOLJ
corpus [17] for legal text summarization each contribute uniquely

to LegalAI research. These resources support the development of
specialized AI models and highlight the integration of linguistic,
legal, and computational fields. Additionally, advancements in deep
learning for semantic similarity [51] and improvements in embed-
ding techniques [34, 49] are enhancing legal information retrieval
and document processing.

This overview highlights the shift towards using advanced AI
tools in legal research and the crucial role of well-designed datasets
in driving innovation and understanding legal reasoning through
AI. While existing datasets have advanced LegalIR and AI appli-
cations, they focus mainly on NLP tasks and are not suited for
evaluating LLM models’ numerical estimation abilities in legal con-
texts. To address this gap, we propose creating a dataset specifically
designed to assess LLM performance in numerical estimations rel-
evant to legal scenarios, including but not limited to house value
and imprisonment duration estimation.

2.3 Large Language Models
The integration of LLMs like GPT [4] and BERT [12] marks a sig-
nificant technological milestone, demonstrating exceptional capa-
bilities in understanding and generating human language for tasks
such as translation, summarization, and question-answering [4, 12].
These advancements not only enhance AI’s linguistic abilities but
also pave the way for broader applications across various domains.

As shown by [44, 52], the scaling of LLMs has significantly ad-
vanced NLP, enabling sophisticated task performance previously
unattainable. A breakthrough has been the discovery of LLMs’ zero-
shot and few-shot learning capabilities, revolutionizing task-solving
with minimal initial guidance [35]. This led to the development of
“prompting” techniques, enhancing models’ utility across various
applications [45, 47]. Traditional promptingmethods struggled with
complex, multi-step reasoning tasks, leading to the creation of the
“chain-of-thought (CoT)” prompting technique. Inspired by human
problem-solving, CoT significantly improved LLMs’ performance
in tasks requiring intricate reasoning [54, 55]. In mathematical rea-
soning, techniques like Zero-shot-CoT and MathPrompter have
demonstrated LLMs’ potential in solving arithmetic problems and
conductingmathematical analysis, generating algebraic expressions
or Python functions. These methods validate intermediate steps,
highlighting LLMs’ reliability and performance on datasets like
MultiArith [29, 33].

Advancements in LLM technologies are driving dynamic and
intelligent AI applications beyond linguistics, notably into the legal
sector. Our initiative leverages these advancements to enhance legal
professionals’ decision-making and operational efficiency. By inte-
grating LLMs’ mathematical reasoning capabilities with specially
designed prompts, we aim to improve precision and efficiency in le-
gal workflows, bridging the gap between traditional legal practices
and modern technology. Our precision-oriented LegalAI dataset
validates this approach, demonstrating LLMs’ potential to revolu-
tionize legal processes and create a more streamlined, accessible,
and equitable legal system.

3 Methodology
The proposed method encompasses several essential components,
including in-context learning and specially designed prompts. Each
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of these components will be introduced in the subsequent subsec-
tions. Additionally, to validate the effectiveness of the proposed
method for precision-oriented LegalAI tasks, we propose a dataset
focused on asset value estimation within the legal domain.

3.1 In-context Learning
GPT-3 [4] and other LLMs have exhibited remarkable proficiency
in few-shot predictions without requiring fine-tuning. This entails
providing the model with a task description in natural language
along with a small number of examples. The effectiveness of this
learning capability hinges on scaling model size, data, and com-
puting resources. [10, 14, 43, 48] have proposed various training
methodologies for different types of LLMs. These models exhibit
a notable capacity to leverage few-shot prompts for accomplish-
ing unseen tasks without the necessity of fine-tuning, a capability
that emerges prominently in LLMs compared to their smaller coun-
terparts. While LLMs [4, 10] have showcased remarkable success
across various NLP tasks, their aptitude for reasoning has often
been viewed as limited. It’s important to note that merely scaling
up the model size does not necessarily enhance this capability.

Recent advancements have introduced the concept of “chain
of thoughts” prompting, also known as in-context learning, as a
potent technique to augment the reasoning prowess of LLMs when
processing text [55]. This method entails presenting the model with
multiple instances of reasoning chains, enabling LLMs to learn and
apply the underlying template to solve intricate, unseen tasks effec-
tively. Notably, the “chain of thoughts” approach bears resemblance
to the strategy employed in the Visual Question Answering task,
where addressing basic questions aids in tackling complex queries
[25]. These recent findings underscore the robust reasoning capa-
bilities of LLMs. Nevertheless, the current research landscape in
LegalAI predominantly concentrates on text-based tasks such as
legal question answering and legal summarization. In contrast, this
paper aims to investigate the capacity of LLMs, coupled with in-
context learning, to tackle precision-oriented tasks through metic-
ulously designed prompts. The details of these crafted prompts are
elucidated in the subsequent subsection.

3.2 Prompts Design
In this study, we advocate for the utilization of in-context learning
coupled with specially formulated prompts to address precision-
oriented tasks within the legal domain. Our prompts are designed
with specific examples that encompass various attributes, including
house specifications like area, location, and type, as well as details
related to scam amounts or injury locations/parts. Each example is
accompanied by corresponding answers such as house prices, com-
pensation values, or durations of imprisonment. These examples
serve as training demonstrations for LLMs to predict outputs for
unseen test examples.

Consider the prompt format illustrated in Figure 2 as a case in
point. The first step in designing prompts entails extracting piv-
otal information from each judgment, ensuring a uniform textual
description format encompassing information on injuries and com-
pensation amounts. Following this, the next step involves framing
a question that pertains to forecasting trends based on the provided
cases. The proposed prompt format is devised to aid the LLM in

There are five judgments, and the case facts and compensation amount for each judgment are as follows:

1. Lost index finger and ring finger, compensation amount 60,000 NTD.
2. Lost thumb, index finger, and ring finger, compensation amount 210,000 NTD.
3. Lost thumb and index finger, compensation amount 200,000 NTD.
4. Lost little finger, middle finger, and index finger, compensation amount 130,000 NTD.
5. Lost little finger and thumb, compensation amount 180,000 NTD.

Could you assist me in predicting the following case scenarios and estimate the amount of compensation the court might award 
based on the mentioned trends?

1. Lost thumb and index finger.
2. Lost thumb.
3. Lost thumb, index finger, and middle finger.
4. Lost thumb, index finger, middle finger, and ring finger.
5. Lost thumb and middle finger.

(a) Example prompt design for predicting compensation amount in the
legal domain.
The potential compensation amounts for the following cases are as follows:

1. Lost thumb and index finger: Approximately 200,000 NTD
2. Lost thumb: Approximately 150,000 NTD
3. Lost thumb, index finger, and middle finger: Approximately 260,000 NTD
4. Lost thumb, index finger, middle finger, and ring finger: Approximately 250,000 NTD
5. Lost thumb and middle finger: Approximately 200,000 NTD

(b) The output is generated by GPT-4 in response to (a).

Figure 2: Design of an example prompt for compensation
amount estimation, as depicted in (a). Additionally, the corre-
sponding response generated by GPT-4 is included to ensure
the completeness of this question-answering conversion, ref-
erenced in (b). The ground truth answers for each judgment
in the example are 200, 000 NTD, 150, 000 NTD, 250, 000 NTD,
260, 000 NTD, and 200, 000 NTD, respectively.

identifying patterns within the presented cases. By leveraging these
discerned patterns, the LLM is empowered to make predictions for
the given test cases. If the variable of interest transitions from
compensation to imprisonment duration, the procedure remains
consistent, as depicted in Figure 3.

3.3 Proposed Precision-Oriented LegalAI
Dataset

The valuation of properties, encompassing houses, lands, and vari-
ous assets, is a prevalent practice in the legal domain, particularly
in cases involving legacy or property division disputes. However,
this process is typically time-consuming and resource-intensive
due to the participation of numerous experts in the estimation
phase. The complexity and duration of the overall process are fur-
ther compounded by the involvement of experts specializing in
property valuation. Consequently, there is an urgent need for an
effective method to streamline and enhance the entire valuation
process. Using house value estimation as an illustrative case, this
study introduces a dataset specifically tailored to the common and
crucial task of estimating house values. This dataset serves to assess
the efficacy of the proposed method in addressing the precision
requirements inherent in such tasks within the legal domain. The
presented dataset comprises 58 data samples, with 45 samples al-
located for in-context learning and the remaining 13 utilized for
testing purposes. Each house data sample within the proposed
dataset includes essential information and attributes such as ad-
dress, total price, transaction date, unit price, total area, proportion
of the main building, age of the building, number of floors, and
primary use. To facilitate comprehension of the dataset, several
examples from it are illustrated in Figure 4.
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Below are the details of ten criminal fraud cases, including the fraudulent amounts and the defendants' sentencing conditions:

1. Fraudulent amount: 5 million NTD; Sentence: 23 months of imprisonment.
2. Fraudulent amount: 12.5 million NTD; Sentence: 53 months of imprisonment.
3. Fraudulent amount: 2 million NTD; Sentence: 11 months of imprisonment.
4. Fraudulent amount: 950 thousand NTD; Sentence: 6 months of imprisonment.
5. Fraudulent amount: 230 thousand NTD; Sentence: 3 months of imprisonment.
6. Fraudulent amount: 150 thousand NTD; Sentence: 3 months of imprisonment.
7. Fraudulent amount: 32 million NTD; Sentence: 131 months of imprisonment.
8. Fraudulent amount: 14.5 million NTD; Sentence: 61 months of imprisonment.
9. Fraudulent amount: 1.35 million NTD; Sentence: 8 months of imprisonment.
10. Fraudulent amount: 23 million NTD; Sentence: 95 months of imprisonment.

Could you predict the specific sentencing conditions for the following cases based on the above sentencing conditions?

1. Fraudulent amount: 3.55 million NTD
2. Fraudulent amount: 23.44 million NTD
3. Fraudulent amount: 70 thousand NTD
4. Fraudulent amount: 13.66 million NTD
5. Fraudulent amount: 2.11 million NTD
6. Fraudulent amount: 270 thousand NTD
7. Fraudulent amount: 6.32 million NTD
8. Fraudulent amount: 51.65 million NTD
9. Fraudulent amount: 1.25 million NTD
10. Fraudulent amount: 4.75 million NTD

(a) Example prompt design for predicting imprisonment duration in
the legal domain.
The specific judgments for the defendants in the following cases are as follows (the predicted judgment months have been rounded
to the nearest integer):

1. Fraud amount 3.55 million NTD, predicted judgment 17 months
2. Fraud amount 23.44 million NTD, predicted judgment 97 months
3. Fraud amount 70,000 NTD, predicted judgment 3 months
4. Fraud amount 13.66 million NTD, predicted judgment 57 months
5. Fraud amount 2.11 million NTD, predicted judgment 11 months
6. Fraud amount 270,000 NTD, predicted judgment 4 months
7. Fraud amount 6.32 million NTD, predicted judgment 28 months
8. Fraud amount 51.65 million NTD, predicted judgment 210 months
9. Fraud amount 1.25 million NTD, predicted judgment 8 months
10. Fraud amount 4.75 million NTD, predicted judgment 22 months

These predictions offer a rough estimate of the sentencing duration corresponding to different fraud amounts. It's important to note 
that actual judgments may be influenced by various factors including case specifics, the defendant's defense, and the judge's
discretion.

(b) The output is generated by GPT-4 in response to (a).

Figure 3: Creation of an example prompt for imprisonment
duration estimation, illustrated in (a). Furthermore, the cor-
responding response generated by GPT-4 is provided to en-
sure the comprehensiveness of this question-answering con-
version, as indicated in (b). The ground truth answers for
each judgment in the example are as follows: 17.2 months,
96.76 months, 3.28 months, 57.64 months, 11.44 months,
4.08 months, 28.28 months, 209.6 months, 8 months, and
22 months, respectively.

Address Total 
Price

Transaction 
Date Unit Price Total Area

Proportion 
of Main 
Building

Age of 
Building

Number 
of Floors Primary Use

Lingya District, Linde 
Street, Lane 10, No. 6, 4th 

Floor
530 12/17/2023 21 25.24 67.23 42 4th Floor/6 Floors Residential Use

Lingya District, Linde 
Street, No. 17-6, Siwei 

Building
344 12/05/2023 16 21.44 100.00 45 7th Floor/10 Floors N/A

Lingya District, Wuquan 
Street, Lane 57, No. 1, 7th 

Floor
450 11/22/2023 15.8 28.44 80.34 40 7th Floor/7 Floors Residential Use

Lingya District, Lingya 1st 
Road, No. 195, 5th Floor 739.2 11/29/2023 13.6 54.28 73.47 34 5th Floor/7 Floors Office Use

Lingya District, Xingzhong 
2nd Road, No. 69, 

Basement Floor, Far 
Eastern Ginza (formerly: 

Modern Land Bureau)

1017 09/08/2023 8.8 115.73 71.02 31 Basement Floor/9 
Floors Commercial Use

Lingya District, Furen 
Road, No. 179-4, 

Zhongzheng Artistic Home
1550 10/25/2023 28.7 54.01 74.74 29

1st Floor, 2nd 
Floor, 3rd Floor, 
Arcade/8 Floors

Residential and 
Commercial Use

Lingya District, Kaixuan
2nd Road, No. 75, 6th 

Floor
638 10/31/2023 24.2 26.40 66.14 29

6th Floor, Elevator 
and Staircase/7 

Floors
Residential Use

Figure 4: Randomly selected examples from the proposed
dataset. Each row represents a data sample with nine differ-
ent properties.

4 Experiments and Analysis
In this section, our objective is to assess the efficacy of the pro-
posed method tailored for numerical estimation tasks within the

legal domain. To accomplish this, we will conduct a validation of
our method using the real-world dataset we have introduced for
housing price estimation within the legal domain. The specifics of
this dataset are outlined in the Methodology section.

4.1 Experimental Settings
Acquiring authentic and up-to-date data related to houses within
legal domain poses challenges, resulting in a relatively modest
size for the proposed dataset. Despite its smaller scale, this dataset
proves sufficient for the purpose of in-context learning [55]. In the
in-context learning phase, various attributes such as address, total
price, transaction date, unit price, total area, proportion of the main
building, age of the building, number of floors, and primary use are
provided. In the testing phase, only the attributes of address, total
area, proportion of the main building, age of the building, number
of floors, and primary use are supplied. The model is tasked with
predicting the total price during the testing phase. Once the total
price is predicted, the unit price can be determined based on the
available information of the total area and the predicted total price.

We conduct experiments using state-of-the-art LLMs, including
OpenAI GPT-3.5, OpenAI GPT-4, Claude AI, and Google Bard with
Gemini. The error rate (ER) and mean absolute percentage error
(MAPE) metrics are employed to quantify the model’s performance.
MAPE is a measure used to assess the accuracy of a predictive
model, particularly in forecasting tasks. It calculates the average
absolute percentage difference between the predicted values and
the actual values. The absolute values of errors are taken to prevent
positive and negative errors from canceling each other out. MAPE
is expressed as a percentage, and lower values indicate better pre-
dictive accuracy. The formula for calculating MAPE is provided in
Equation (1).

ER =
𝐺𝑡 − 𝑃𝑡

𝐺𝑡
; MAPE =

1
𝑛

𝑛∑︁
𝑡=1

|ER| × 100%, (1)

where 𝐺𝑡 is the ground truth value at time 𝑡 , 𝑃𝑡 is the predicted
value at time 𝑡 , and 𝑛 is the total number of observations.

4.2 Evaluation and Analysis
OpenAI GPT-3.5. GPT-3.5 stands as a sophisticated iteration of
OpenAI’s GPT language model, following the achievements of its
predecessor, GPT-3. This model is engineered to produce text that
closely resembles human language in response to given inputs. Em-
ploying a transformer architecture, GPT-3.5 undergoes pre-training
on an extensive corpus of internet text, enhancing its capacity
to comprehend and generate coherent responses across diverse
domains. Notably, it exhibits refined capabilities in contextual un-
derstanding, nuanced response generation, and adept handling of
intricate language tasks. In this study, we harness GPT-3.5 for in-
context learning, utilizing a meticulously crafted prompt detailed
in the Methodology section. The efficacy of this approach is then
evaluated using our proposed precision-oriented dataset. As shown
in Table 1, the MAPE value is 40.75%. This outcome suggests that
there is room for improvement in GPT-3.5’s numerical estimation
capabilities.
OpenAI GPT-4. GPT-4 represents the latest advancement in Ope-
nAI’s series of LLMs, incorporating multimodal capabilities. This
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Table 1: Results for OpenAI GPT-3.5 show a MAPE value of
40.75%. The “Difference” is defined as “Ground Truth (GT) −
Prediction (Pred)”.

Test Case Pred GT Difference ER (%)

Case 1 480 920 440 47.8
Case 2 1,002 650 -352 -54.2
Case 3 1,118 700 -418 -59.7
Case 4 297 400 103 25.8
Case 5 542.7 450 -92.7 -20.6
Case 6 285.97 315 29.03 9.2
Case 7 455.24 710 254.76 35.9
Case 8 1,008.10 750 -258.1 -34.4
Case 9 421.99 730 308.01 42.2
Case 10 830.92 790 -40.92 -5.2
Case 11 701.76 440 -261.76 -59.5
Case 12 626.24 310 -316.24 -102
Case 13 546.72 820 273.28 33.3

Table 2: Results for GPT-4 show a MAPE value of 15.71%.

Test Case Pred GT Difference ER (%)

Case 1 863.33 920 56.67 6.2
Case 2 597.87 650 52.13 8.0
Case 3 799.36 700 -99.36 -14.2
Case 4 358.81 400 41.19 10.3
Case 5 400.96 450 49.04 10.9
Case 6 390.42 315 -75.42 -23.9
Case 7 486.32 710 223.68 31.5
Case 8 818.69 750 -68.69 -9.2
Case 9 703.29 730 26.71 3.7
Case 10 839.22 790 -49.22 -6.2
Case 11 391.67 440 48.33 11
Case 12 349.52 310 -39.52 -12.7
Case 13 357.91 820 462.09 56.4

iteration, following in the footsteps of its predecessors, employs a
transformer-based architecture and a training paradigm that com-
bines public data with third-party licensed data to predict the next
token. Subsequently, the model undergoes fine-tuning through re-
inforcement learning, incorporating feedback from both human
and AI sources to ensure alignment with human language nuances
and policy compliance. The implementation of GPT-4 in ChatGPT
marks an evolution from the previous version based on GPT-3.5,
albeit with some persisting challenges. Notably, GPT-4 introduces
vision capabilities (GPT-4V), enabling the model to process image
inputs within the ChatGPT framework. To assess GPT-4’s perfor-
mance on our proposed dataset, we conduct experiments using
the same prompt design as with GPT-3.5. As indicated in Table 2,
the MAPE value is 15.71%, significantly lower than that of GPT-
3.5. These results demonstrate a notable improvement in GPT-4’s
numerical estimation capabilities compared to GPT-3.5.
Claude AI. Claude, an AI assistant or chatbot, was developed by
Anthropic and initially launched in March 2023 with the Claude
1.3 language model. However, a subsequent version, powered by
the Claude 2 language model, was released in July 2023. In May

Table 3: Results for Claude AI show a MAPE value of 29.06%.

Test Case Pred GT Difference ER (%)

Case 1 431 920 489 53.2
Case 2 681 650 -31 -4.8
Case 3 927 700 -227 -32.4
Case 4 241 400 159 39.8
Case 5 269 450 181 40.2
Case 6 306 315 9 2.9
Case 7 492 710 218 30.7
Case 8 864 750 -114 -15.2
Case 9 569 730 161 22.1
Case 10 730 790 60 7.6
Case 11 285 440 155 35.2
Case 12 254 310 56 18.1
Case 13 200 820 620 75.6

2023, Claude expanded its context window, enabling businesses to
submit extensive documentation for analysis. Anthropic claims that
this broader context window helps mitigate hallucination rates and
enhances the model’s proficiency in complex reasoning, making it
a more robust and powerful solution overall. In our experiment, our
focus extends beyond the GPT-based model series to evaluate the
performance of the Claude AI chatbot. To ensure a fair comparison,
we maintain consistency in prompt design across all experiments.
According to the results presented in Table 3, the MAPE value is
29.06%. This outcome suggests that Claude AI’s numerical estima-
tion ability falls between that of GPT-3.5 and GPT-4.
Google Bard with Gemini. Google Bard is an AI-driven chat-
bot tool developed by Google to emulate human conversations
through NLP and machine learning. It debuted in December 2023,
and in February 2024, Google expanded Gemini Pro to all supported
languages within Bard, introducing text-to-image generation ca-
pabilities. Apart from enhancing Google search results, Bard can
be seamlessly integrated into websites, messaging platforms, or
applications to deliver lifelike, natural language responses to user
inquiries. The integration of Google Gemini Pro with Bard signifies
a significant advancement in user interaction. Gemini’s multimodal
processing abilities empower Bard to handle images, audio, and
video in addition to text, fostering a more organic and engaging con-
versational experience. This collaborative synergy between Google
Gemini and Bard underscores the evolution of conversational AI,
providing users with a seamless and enriched communication plat-
form. Given that Google Bard with Gemini represents another state-
of-the-art LLM, our experiments include a comparative analysis
of model performance. Specifically, we assess the performance of
GPT-3.5, GPT-4, and Claude AI in comparison to Google Bard with
Gemini using our proposed dataset as a benchmark. As shown in
Table 4 and Table 5, the MAPE value of Google Bard with Gemini
without internet access is 18.75%, while with internet access, it is
17.84%. These results indicate that internet access can enhance the
performance of the LLM.

Comparing the results across Table 1, Table 2, Table 3, Table 4,
and Table 5, we conclude that GPT-4 demonstrates the best perfor-
mance, with Google Bard with Gemini offering competitive perfor-
mance comparable to GPT-4.
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Table 4: Results for Google Bard with Gemini (without inter-
net) indicate a MAPE value of 18.75%.

Test Case Pred GT Difference ER (%)

Case 1 486.2 920 433.8 47.2
Case 2 714.2 650 -64.2 -9.9
Case 3 797.4 700 -97.4 -13.9
Case 4 349.2 400 50.8 12.7
Case 5 391.1 450 58.9 13.1
Case 6 383.2 315 -68.2 -21.7
Case 7 566.6 710 143.4 20.2
Case 8 795.2 750 -45.2 -6
Case 9 788.9 730 -58.9 -8.1
Case 10 841.7 790 -51.7 -6.5
Case 11 356.4 440 83.6 19
Case 12 318.2 310 -8.2 -2.6
Case 13 304.6 820 515.4 62.9

5 Discussion
In this work, we present three applications that harness the inte-
gration of law and LLM technology: 1. Predicting compensation
amounts in finger injury cases, 2. Forecasting housingmarket prices,
and 3. Evaluating sentencing in fraud cases.

The first application involves predicting compensation amounts
in civil cases, particularly in scenarios like car accidents or prop-
erty damage disputes. Determining compensation often hinges on
various factors, such as the type of vehicle involved in accidents or
the severity of bodily injuries sustained. Despite having detailed
case information, lawyers may still struggle to accurately estimate
compensation, leading to challenges in decision-making regarding
settlement or litigation. By leveraging LLMs and extensive historical
judgment data, this approach provides a more objective insight into
compensation trends. This aids lawyers in promptly assessing po-
tential judgment outcomes and refining legal strategies. While this
paper primarily examines the correlation between finger injuries
and compensation amounts, this methodology can be extended to
other civil case types or factors influencing judgment amounts.

The second application focuses on assessing housing market val-
ues, which proves valuable not only in cases concerning damaged
real estate but also in scenarios involving property division or com-
pensation for property encroachment. In these situations, property
market values play a crucial role in determining case outcomes.
Furthermore, the versatility of the proposed method extends to
determining land market values, highlighting its broad applicability
in legal practice.

The third application focuses on predicting the severity of crim-
inal sentences in criminal cases, which is typically influenced by
factors such as the nature and magnitude of the crime, as well as
the defendant’s post-crime conduct. Despite the availability of de-
tailed case specifics, lawyers often face challenges in accurately
predicting sentence severity. Leveraging LLMs to analyze past judg-
ment data and discern the relationship between specific factors and
sentence severity enables a more objective prediction of sentencing
outcomes, thereby enhancing the quality of legal advice provided.
While this study concentrates on predicting sentence severity based
on fraud amounts, this research direction is poised to expand to
encompass other factors or criminal areas.

Table 5: Results for Google Bard with Gemini (with internet)
reveal a MAPE value of 17.84%.

Test Case Pred GT Difference ER (%)

Case 1 650 920 270 29.3
Case 2 780 650 -130 -20
Case 3 700 700 0 0
Case 4 420 400 -20 -5
Case 5 420 450 30 6.7
Case 6 450 315 -135 -42.9
Case 7 630 710 80 11.3
Case 8 950 750 -200 -26.7
Case 9 730 730 0 0
Case 10 900 790 -110 -13.9
Case 11 450 440 -10 -2.3
Case 12 380 310 -70 -22.6
Case 13 400 820 420 51.2

However, trends in judgments may not remain static, and unique
factors in individual cases could deviate from past judgment out-
comes. These nuances still necessitate resolution by experienced
lawyers. Therefore, the current applications do not aim to replace
lawyers but rather serve as valuable tools for optimizing research
and decision-making processes, reducing time consumption, and
alleviating the financial burden of legal fees on litigants.

6 Conclusion and Future Work
The legal field struggles with delivering timely and accurate infor-
mation due to complex documentation and a shortage of experts,
highlighting the need for more efficient legal processes. Although
deep learning advancements have improved LegalAI tasks, chal-
lenges persist in accurately computing specific numerical values. To
address this, our study proposes an innovative approach that inte-
grates LLMs with specially designed prompts tailored to precision-
oriented LegalAI applications. We propose a novel method to im-
prove legal workflows and provide precise estimates in practical sce-
narios. The work’s contributions include introducing an LLM-based
method to enhance legal proceedings, proposing a novel prompt
design for addressing financial or precision-oriented challenges
within the legal domain, presenting a real-world dataset of house
prices for validating LLM-based methods, and conducting extensive
experiments to evaluate the efficacy of the proposed approach in
estimating parameters relevant to legal proceedings. Our findings
demonstrate that LLM-based methods can meet precision require-
ments in LegalAI, offering effective solutions to legal challenges.
This approach aims to streamline and enhance the accessibility and
fairness of legal systems, while also improving the interpretability
and transparency of AI applications in legal contexts.

Potential future research directions using LLM-based methods
include exploring the correlation between specific factors and com-
pensation judgments in diverse civil cases, such as car accidents,
property damage, joint real estate division, and property misappro-
priation cases. Additionally, studies could investigate the correlation
between specific factors and sentencing severity in various criminal
cases, including embezzlement, breach of trust, property crimes,
and other case-specific characteristics.
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