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Abstract: This study explored the application of Microsoft’s Phi-3 model to legal document understanding. We fine-
tuned Phi-3-mini-4k-instruct, a compact yet powerful language model, on CaseHOLD’s 53,000+ multiple-choice questions
designed to test legal case holding identification. Employing Low-Rank Adaptation (LoRA) and Quantized Low-Rank
Adaptation (QLoRA) techniques, we optimized the fine-tuning process for efficiency. Our results demonstrated that
the fine-tuned Phi-3-mini-4k-instruct model achieved an F1 score of 76.89, surpassing previous state-of-the-art models
in legal document understanding. This performance was achieved with only 6000 training steps, highlighting Phi-3’s
rapid adaptability to domain specific tasks. The base Phi-3 model, without fine-tuning, achieved an F1 score of 64.89,
outperforming some specialized legal models. Our findings underscored the potential of compact language models like
Phi-3 in specialized domains when properly fine-tuned, offering a balance between model size, training efficiency, and
performance. This research contributes to the growing body of work on adapting large language models to specific domains,
particularly in the legal field.
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Tiéu dé:  Phi-3 véi Luat phap: Tinh chinh mé hinh ngén ngit nhé trong viéc hi€u vin ban luat

Tém tat: Nghién ctiu nay khdm pha ing dung mé hinh Phi-3 ctia Microsoft vao viéc hi€u vin ban phap ly. Ching t6i da tinh
chinh Phi-3-mini-4k-instruct, mot mé hinh ngdn ngit nhd gon nhung manh mé, trén hon 53.000 cdu héi tric nghiém
ctia CaseHOLD dugc thiét k& dé kiém tra khd ning nhan dang vu 4n phép ly. St dung céc k§ thuat thich ting bélc thap
(LoRA) va thich ting bac thip lugng tir (QLORA), ching toi da toi wu héa quy trinh tinh chinh d€ dat hiéu qua. Ket
qua cla ching t6i cho thdy mo hinh Phi-3-mini-4k-instruct tinh chinh dat diém F1 1a 76,89, vuct qua cdc md hinh tién
tién trudc day vé kha ning hi€u vin ban phap ly. Hiéu suét nay dat dugc chi v6i 6000 budc dao tao, lam ndi bat kha
ning thich ting nhanh chéng cta Phi-3 véi cdc tic vu cu thé theo mién. M6 hinh Phi-3-mini-4k-instruct co ban, khong
cin tinh chinh, da dat diém F1 Ia 64,89, vuot troi hon mot s6 mo hinh phap 1y chuyén biét. K&t qua thuc nghiém cia
ching t6i nhdn manh tiém niing cia cdc mo6 hinh ngdn nglt nhd gon nhu Phi-3 trong céc mlén chuyén biét khi dugc
tinh chinh dung cédch, mang lai sy cin bang giita ‘quy m6 md hinh, hiéu qua dao tao va hiéu sudt. Nghlen cliu nay 26p
phan vao khéi lugng cong viéc ngly cang ting vé viéc diéu chinh cic mo hinh ngdn ngi 16n cho cdc mién cu thé, dic
biét la trong linh vuc phdp ly.

Tixt khoa:  Phi-3, CaseHold, fine-tuning, QLoRA, supervised fine-tuning

I. INTRODUCTION used in these documents is often characterized by special-
ized vocabulary, complex sentence structures and formal.

Understanding legal documents is important in today’s Statutes, case law, contracts, and regulatory filings are well-
judicial and regulatory climate [1]. A legal document is any known examples for their complex structure, specialized
text that has legal significance or is used in a legal context terminology, and sophisticated logic. Moreover, accurately
to communicate rights, responsibilities, or procedures [2]. interpreting legal language requires not only linguistic
Legal practitioners, politicians, and researchers increasingly =~ proficiency but also an understanding of legal principles,
rely on digital texts, making it critical to comprehend  rules of interpretation and precedent. Thus, understanding
legal papers swiftly and accurately. However, the language  legal documents is a challenging task for both human and
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machines to correctly comprehend [3H3].

Numerous studies were conducted to address the chal-
lenges of understanding legal documents using various
approaches. For example, pioneer techniques relied on
rule-based systems [6H8]], which were accurate but time-
consuming and difficult to scale. More recent advances
used machine learning techniques, namely as pre-trained
language models, to automate and improve the compre-
hension of legal documents. These pre-trained models,
including K-BERT [9]], Lawformer [10], JuriBert [11]],
jurBert [12], Paraformer [13], XLM-RoBERTa and
their derivatives, although exhibited promising performance
in the legal domain, they all shared the same challenge
as lack of understanding of natural language due to being
trained on small datasets. This problem could be alleviated
by utilizing large language models (e.g., Llama, GPT).
However, these oversized models are primarily accessi-
ble to big tech companies (e.g., Google and Microsoft)
where computational resources are available, making it
challenging for researchers to conduct experiments [15].
This issue is not limited to the legal domain but extends
to other similar research settings [16]. Therefore, there is a
strong need for a mid-to-mini-sized pre-trained model that
can effectively balance natural language understanding and
model size [17], particularly when specialized in the
legal documents domain.

In response to this need, Microsoft recently released Phi-
3 on March 22, 2024, as pre-trained mid-to-mini-sized
models. However, to the best of our knowledge, there is
no evidence demonstrating the performance of Phi-3 in
the legal document domain. Therefore, the purpose of this
research is to address this gap by conducting an experiment
to evaluate the efficacy of Phi-3 on legal documents.

To meet that objective, we fine-tuned Phi-3-mini-4k with
the CaseHOLD [19] dataset, a benchmark intended exclu-
sively for assessing legal document understanding. Figure ]|
presents overview of process in this study. Our goal is to
experiment Phi-3-mini-4k-instruct and evaluate its potential
for comprehending and processing legal texts. This study
intends to add to the body of knowledge in legal Natural
Language Processing (NLP) by giving empirical evidence
on the performance of a mini size pre-trained model, thus
opening the way for more efficient and accessible legal
document analysis applications.

II. MATERIALS AND METHODS

1. The base model

In our study, we used Phi-3 (introduced by Microsoft
on March 22, 2024) as the base model for the fine-tuning
task [18]. Compared to many state-of-the-art models, Phi-
3 is notable for its high-quality parameters and size. The
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Figure 1. Overview of process in this study

term "high-quality parameters” refers to high-quality data
curation, extensive post-training, and reinforcement learn-
ing from human feedback (RLHF). Although the number
of parameters is relatively small compared to other large
language models, evidence shows that Phi-3’s perfor-
mance surpasses that of larger models (e.g., Mixtral 8x7B
and GPT-3.5). There is currently no standardized definition
for terms like "mini" or "small" models in the literature.
However, in the field of Al or as in our study, models can
be classified based on the number of parameters: "tiny"
refers to models with fewer than 1 billion parameters,
"mini" ranges from 1 to 5 billion parameters, and "small"
covers models with 5 to 10 billion parameters, following
the terminology used by Microsoft. Phi-3 was released in
several versions including Mini (3.8B parameters), Small
(7B parameters), Medium (14B parameters) and Vision
(4.2B parameters). In this study, we chose Phi-3-mini-
4k-instruct model from the Phi-3 family due to several
compelling factors. First, despite its compact size, Phi-3-
mini-4k-instruct has demonstrated impressive performance
comparable to significantly larger models, suggesting strong
language understanding capabilities. This balance of size
and performance is particularly attractive for resource-
constrained settings. Second, Phi-3’s training methodology
aligns well with the requirements of legal document analy-
sis, where accurate and nuanced language understanding
is paramount. We hypothesize that these characteristics
would translate well to the legal domain, making Phi-3-
mini-4k-instruct a strong candidate for fine-tuning on the
CaseHOLD dataset.

2. CaseHold Dataset

The CaseHOLD dataset serves as a benchmark for eval-
uating legal document under-standing in the U.S. legal
domain. It comprises over 53,000 multiple-choice questions
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Table 1
EXAMPLE OF CASEHOLD DATA ITEM

Table 11
EXAMPLE CHAT FORMAT FOR TRAINING

CURIAM. Affirmed. See Adams v. State, 76 So.3d
367 (Fla. 3d DCA 2011) (<HOLDING>); accord
Little v. State, 77 So.3d 722 (Fla. 3d

Citing_prompt

holding that section 89313 as amended by section

Holding_0 893101 florida statutes 2002 is constitutional

holding that the legislature amended section
8120142d florida statutes now renumbered as section
8120143c in 1992 to omit habitual offender penalties
for the crime of felony petit theft

Holding_1

recognizing that the 1992 amendment to section

Holding 2 8930216 florida statutes changed the law

holding florida sexual predators act section 77521
florida statutes 2000 to be unconstitutional as vio-
lating procedural due process

Holding_3

holding that arbitration is not a civil action as that

Holding_4 term is used in section 76873 florida statutes 1991

Label 0

designed to identify the relevant holding of a cited case.
Each question presents a citing context from a judicial
decision as the prompt (named "Citing_prompt"), five
answer choices derived from holding statements within
legal citations (named "holding_[0-4]") and an indicator for
correct answer (named “label”). Table |I| shows an example
of CaseHold data item. The correct answer corresponds to
the citing text, while the four incorrect options are selected
based on their similarity, making the task challenging.
Constructed from the Harvard Law Library case law corpus,
this dataset offers a robust framework for fine-tuning and
evaluating advanced language models. The precision in
extracting holding statements and the strategic selection
of distractors highlight its value in advancing legal Al
research.

3. Experimental setup

a) Data preprocessing

The CaseHOLD dataset, comprising fields like Cit-
ing_prompt, five holdings, and a label, required careful
preprocessing to align with Phi-3’s fine-tuning instructions.
Our first step involved creating a function to structure
the data into a conversational format, integrating all fields
effectively. This structured data was then passed to the
Phi-3 tokenizer’s apply_chat_template function, adhering
to the "<luserl>Question<lend|><lassistantl>Answer<lend|>"
format for training, example of chat format is shown in
Table During evaluation, we adjusted the process by
sending only the Citing_prompt and the holdings, omitting
the label to allow the model to predict the correct answer.
The instruction for apply_chat_template in this phase was
simplified to "<luserl>Question<lend/><lassistant/>", facil-
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<s><luserl> Choose the best option to fill <HOLDING> based on
this context, answer only with the number of option(for example:
0): CURIAM. Affirmed. See Adams v. State, 76 So.3d 367 (Fla. 3d
DCA 2011) (<HOLDING>); ac-cord Little v. State, 77 So.3d 722
(Fla. 3d Options to choose: 0. holding that section 89313 as amended
by section 893101 florida statutes 2002 is constitutional 1. holding
that the legislature amended section 8120142d florida statutes now
renumbered as section 8120143c in 1992 to omit habitual offender
penalties for the crime of felony petit theft 2. recognizing that the
1992 amendment to section 8930216 florida statutes changed the law
3. holding florida sexual predators act section 77521 florida statutes
2000 to be unconstitutional as violating procedural due process 4.
holding that arbitration is not a civil action as that term is used in
section 76873 florida statutes 1991 <lend|><lassistantl> 0 <lendl>

itating an accurate assessment of the model’s predictive
capabilities in a realistic legal question-answering context.

b) LoRA

There are various fine-tuning approaches in the literature,
ranging from full fine-tuning to partial fine-tuning [20].
Among these, Low-Rank Adaptation (LoRA) [20] is an
innovative fine-tuning technique widely adopted by the
Al community. Compared to other techniques that are
resource-intensive and introduce latency, LoRA addresses
these issues by training only the "intrinsic dimension" and
then updating the original weights accordingly. Mathemat-
ically, LoRA could be expressed as follows [20]:

W =Wy + AW = Wy + BA

BeRer AGRer

Where:

W is the updated weight matrix.

Wy is the original pre-trained weight matrix.

AW is the low-rank update applied to the original
weights.

B and A are low-rank matrices.

r is the rank, a much smaller dimension than d or k.

The true value of LoRA lies in training matrix A and
B instead of full training the original pretrained weight
Wo. As such, LoRA significantly reduces the computational
resources (i.e., training on low-rank matrices) required for
fine-tuning while maintaining performance (i.e., through
W). This approach enables efficient adaptation allowing
researchers to explore specialized applications such as legal
document understanding without the need for extensive
hardware resources. In our experiment, B and A are low-
rank matrices with a rank (r) of 16, which means the
updates only happen in a smaller 16-dimensional space.
We applied an alpha value of 16, which scales the updates



to ensure they have a noticeable effect on the model’s per-
formance. To prevent the model from overfitting, we used
dropout with a rate of 0.05 (5%), meaning a small portion
of updates was randomly ignored during training to help the
model generalize better. The LoRA updates were applied
to key parts of the model, including the attention mech-
anism (key (k_proj), query (q_proj), value (v_proj), and
output (o_proj) projections) and the feed-forward networks
(gate (’gate_proj’), down (down_proj), and up (up_proj)
projections). This setup balances adaptation capacity with
parameter efficiency, allowing for effective fine-tuning of
the Phi-3-mini-4k-instruct model on the CaseHOLD legal
dataset.

c) OLoRA

To speed up the training process, we utilized Quan-
tized Low-Rank Adaptation (QLoRA) technique [21]. The
basic idea of QLoRA is to reduce the precision of the
model’s parameters (weights) by converting them from
high precision (e.g., 32-bit floating point) to a lower
precision format (e.g., 8-bit or even lower). As such,
it reduces the memory required to store the model and
speeds up computation. In our study, we set the model
to implement 4-bit quantization (load_in_4bit=True) with
the "nf4" quantization type, balancing compression and
accuracy. We set the compute dtype to bfloatl6 for im-
proved training stability and employed double quantiza-
tion (bnb_4bit_use_double_quant=True) to further optimize
memory usage. This setup allowed us to leverage the full
potential of Phi-3 while minimizing resource requirements.
d) Supervised fine-tuning

Supervised fine-tuning (SFT) was originally proposed by
Ouyang et al. [22]. It is an important stage in aligning
LLMs that involves training them on a supervised dataset
of high-quality outputs. This procedure involves fine-tuning
the model with a next token prediction aim, similar to pre-
training, but with a focus on simulating desired behaviors.
SFT is computationally efficient and improves the model’s
performance in terms of instruction compliance, coherence,
and accuracy. Given our limited computational resources
and the supervised nature of the CaseHOLD dataset, we
determined that SFT is particularly well-suited for our
study. Accordingly, we employed supervised fine-tuning
using an easy-to-use API of Hugging Face, named Super-
vised Fine-tuning Trainer (SFTTrainer). This API facilitated
the creation of our SFT model, optimizing the use of our
available resources.

e) Training hyperparameters

In fine-tuning Phi-3-mini-4k-instruct on the CaseHOLD
dataset, we carefully selected a set of hyper parameters
to optimize the model’s performance in legal document
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understanding. We employed a relatively low learning rate
of 0.0001 to ensure stable training, coupled with small
batch sizes to accommodate the model’s size and memory
constraints. The Adam optimizer was used with standard
beta values, while a linear learning rate scheduler with
a 10% warm-up ratio helped manage the learning rate
throughout training. We ran the fine-tuning process for 6000
steps, balancing between sufficient learning and avoiding
over-fitting.

f) Computational Resources and Training Environment

The fine-tuning process was conducted using an NVIDIA
RTX 3060 GPU with 12GB of VRAM, an Intel Core i7
12700F CPU, and 32GB of RAM. The training spanned
32 hours. The software environment included PEFT ver-
sion 0.11.1, Transformers version 4.41.2, Pytorch version
2.3.0+cul21, Datasets version 2.19.1, and Tokenizers ver-
sion 0.19.1. These configurations ensured efficient process-
ing and optimal model performance.

g) Evaluation metrics

Fig. 2| showcase the process to evaluate a model’s re-
sponse, we considered three possible answer formats: (C1)
a single digit indicating the correct answer position (e.g.,
‘1°), (C2) the exact text of the correct answer (e.g., ‘correct
answer’) and (C3) the correct answer preceded by ‘1.
(e.g., ‘1. correct answer’). For the first type, evaluation is
straightforward with a direct comparison to the label field.
However, for the second and third formats, we employed
the ROUGE metrics to account for potential variations in
text representation.

The ROUGE (Recall-Oriented Understudy for Gisting
Evaluation) metrics offer a flexible means of compar-
ing textual data based on overlapping units such as n-
grams and longest common subsequences. Specifically, we
used ROUGE-1, which calculates the overlap of unigrams
(single words), ROUGE-2, which assesses the overlap
of bigrams (two consecutive words), ROUGE-L, which
measures the longest common subsequence between two
texts, and ROUGE-Lsum, which is a variant tailored for
summarization tasks by comparing sequences across the
entire text.

Using ROUGE allows us to capture partial matches
between the predicted answer and the ground truth, accom-
modating slight variations in phrasing or formatting, which
may not affect the correctness of the answer. For example,
the ground truth might contain two spaces between words
due to mistyping (e.g., correct answer), while the model
produces a response with only one space (correct answer).
In such cases, a strict text-to-text comparison would incor-
rectly mark the answer as wrong, even though the content
is identical. The ROUGE metric, however, evaluates the
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Figure 2. Process to evaluate a model’s response

level of overlap between the prediction and ground truth,
thereby handling such minor formatting inconsistencies and
ensuring that the model is not penalized for trivial errors.

An answer is considered correct if all four ROUGE
scores ROUGE-1, ROUGE-2, ROUGE-L, and ROUGE-
Lsum each yield a perfect score of 1.0. Since each ROUGE
metric outputs a value between 0 and 1, a perfect match
across all metrics results in a total sum of 4.0. This strict
criterion ensures that the model’s response matches the
ground truth exactly in terms of content, while still being
robust to insignificant formatting differences like extra
spaces or punctuation variations.

Finally, the model’s overall performance was measured
using the F1 score. By using the F1 score in the final step,
we compared the performance between the Phi-3 models
(fine-tuned and not fine-tuned) in this study and other
models from Zheng’s and Chalkidis’s results,
which also used the CaseHOLD dataset. This comparison
provided a comprehensive measure of the model’s accuracy
and effectiveness.

III. RESULTS AND DISCUSSION

The results of our study, along with the comparative
results from Zheng et al. [19] and Chalkidis et al. [23],
are summarized in Table [IIl The base Phi-3-mini-4k-
instruct model, with 3.8 billion parameters, achieved an F1
score of 66.84 without any fine-tuning. This performance is
notably higher than the standard BERT model from [19]’s
results (61.30) and even the BERT (double) model with
twice the training steps (62.30). However, it falls short
when compared to more specialized legal models such as
Legal-BERT and Custom Legal-BERT, which achieved F1
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Table II1
EXPERIMENTS’S RESULTS

Model Params ;I:;)i:ing ;;(Z)gab :‘clore
Zheng et al’s result[19]

BERT 110M 1M 30K 61.30
BERT (double) 110M 2M 30K 62.30
Legal-BERT 110M 2M 30K 68.00
Custom Legal-BERT 110M 2M 32K 69.50
Chalkidis et al’s result[23]

BERT 110M M 32K 70.80
RoBERTa 125M 100K 50K 71.40
DeBERTa 139M M 50K 72.60
Longformer 149M 65K 50K 71.90
Bigbird 127M 1M 32K 70.80
Legal-BERT 110M 1M 32K 75.30
CaseLaw-BERT 110M M 32K 75.40
Our result

Phi-3 mini 4K (base) 3.8B - 32K 66.84
Fine-tuned Phi-3 mini 4K 3.8B 6K 32K 75.76

scores of 68.00 and 69.50, respectively. This is indicative
of the base model’s general-purpose capabilities, which,
without fine-tuning, do not fully leverage the domain-
specific nuances required for optimal performance in le-
gal document understanding. Upon fine-tuning with 6,000
training steps, the Phi-3-mini-4k-instruct’s performance sig-
nificantly improved, achieving an F1 score of 75.76. This
result surpasses all models in [19] and results, includ-
ing Legal-BERT (75.30) and CaseLaw-BERT (75.40). This
improvement highlights the effectiveness of fine-tuning in
enhancing the model’s understanding of legal documents
and underscores the importance of domain-specific fine-
tuning.

A comparative analysis of parameter efficiency and
training steps reveals that the base Phi-3-mini-4k-instruct
model, with its 3.8 billion parameters, is significantly larger
than the models used by [19] and [23], which typically
have around 110M to 149M parameters. Despite the larger
parameter size, the base model’s performance was initially
modest, highlighting the necessity of fine-tuning. Fine-
tuning with only 6,000 training steps, compared to the
millions of steps used by other models, demonstrates the
efficiency and rapid adaptability of Phi-3-mini-4k-instruct
in acquiring domain-specific knowledge. Several key points
emerge from our analysis: the scalability and fine-tuning
potential of the Phi-3-mini-4k-instruct model, driven by
its large parameter count, enable it to capture complex
dependencies and patterns within the data. The dramatic
performance improvement post-fine-tuning indicates that
while the base model is competent, its true potential is



realized when it is adapted to specific domains through
fine-tuning.

An interesting observation emerges when analyzing the
impact of vocabulary size across the different studies.
Results [19] demonstrated a marginal improvement in F1
score for Legal-BERT when increasing the vocabulary size
by 2,000 tokens (from 30K to 32K). However, a similar
vocabulary increase for the BERT model in [23] resulted
in a substantial performance boost (from 61.3 to 70.8
F1 score). This discrepancy suggests that vocabulary size
alone does not dictate performance gains and its impact
is likely intertwined with other factors such as training
data, model architecture, and fine-tuning methodologies.
This observation raises the question of whether a larger
vocabulary size, for instance, 50K for Phi-3, could further
enhance its performance. Further investigation is needed
to disentangle the interplay between vocabulary size and
other model parameters for optimizing legal document
understanding.

While our findings are encouraging, this study has lim-
itations. Firstly, both the CaseHOLD dataset and the Phi-3
model are English-centric, restricting the generalizability
of our conclusions. Future work should explore multilin-
gual legal datasets and models to address this constraint.
Secondly, our evaluation focused solely on multiple choice
question answering using CaseHOLD. Investigating Phi-
3’s capabilities on diverse legal tasks and datasets, such
as LexGlue, COLIEE or CAIL, would provide a more
comprehensive assessment of its strengths and weaknesses.
Finally, our focus remained on zero-shot performance and
a single model architecture. Exploring few-shot prompting
techniques and evaluating other promising open-source
models, like LLaMa-3.1 or Gemma 2, could reveal further
performance gains and provide valuable insights into the
optimal model and training paradigm for legal document
understanding.

IV. CONCLUSION

Our study demonstrated the effectiveness of fine-tuning
Phi-3-mini-4k-instruct for legal document understanding.
The model’s performance improvement from an F1 score of
66.84 to 75.76 after fine-tuning highlights its adaptability
and potential in specialized domains. This research show-
cases the capabilities of compact yet powerful language
models in tackling complex tasks such as legal text anal-
ysis. While our study demonstrated the efficacy of Phi-
3-mini-4k-instruct in legal document understanding, sev-
eral promising avenues for future research emerge. Firstly,
exploring the impact of a larger vocabulary size on Phi-
3’s performance could reveal further optimization potential.
Secondly, expanding the evaluation to encompass diverse
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legal tasks and datasets, such as those within LexGLUE,
COLIEE, or CAIL, would provide a more holistic view of
the model’s capabilities and generalizability across different
legal domains. Thirdly, investigating the effectiveness of
few-shot prompting techniques with Phi-3 could uncover
new avenues for performance enhancement in resource-
constrained scenarios. Lastly, benchmarking against other
cutting edge open-source models, including LLaMa-3.1 and
Gemma?2, would contribute valuable insights into the com-
parative strengths and weaknesses of different architectures
and pre-training paradigms for legal NLP applications.
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