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Abstract

Legal documents are often verbose and structurally complex, posing significant barriers to public understanding
and equitable access to justice. Despite growing interest in text simplification, efforts targeting the legal domain
remain limited by a lack of robust, high-quality resources. In this paper, we address this gap by introducing
SIMPLE-LAW, a curated benchmark dataset of over 6,000 aligned pairs of original and simplified legal passages,
specifically constructed to facilitate research in legal text simplification by leveraging large language models
(LLMs). We evaluate this dataset across both in-context learning and parameter-efficient fine-tuning paradigms
using a range of state-of-the-art LLMs, with Unsloth variants of Mistral, LLaMA-3.2, Gemma, and Qwen-2.5. We
assess performance using BERTScore, ROUGE, SARI, and a hallucination detection score, to capture both
fidelity and readability. Results show that fine-tuned models significantly outperform in-context learners in terms of
simplification quality and factual consistency. By offering a new dataset, rigorous evaluation, and baseline compar-
isons, our work provides a critical foundation for developing transparent and accessible Al systems in the legal domain.
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1. Introduction

Legal texts are fairly difficult to comprehend due
to their formal structure, domain-specific jargons,
and complex sentence formations. This complex-
ity not only impedes access to justice (Gibbons,
2003) but also undermines transparency and in-
formed decision-making amongst the general pop-
ulace. Legal systems globally assume that indi-
viduals understand their rights and obligations, yet
legal documents such as contracts and court or-
ders are often inaccessible to the general public,
especially the non-legal laypersons. This dispropor-
tionately affects vulnerable groups, as noted by the
UNDP (United Nations Development Programme,
2022). To counter this, initiatives like the European
Commission’s Clear Writing campaign (European
Commission, n.d.) and India’s efforts to simplify
legal language (PWOnlyIAS, 2025) aim to improve
legal accessibility. As digital governance and cross-
border legal services grow, the need for comprehen-
sible legal content is becoming a global priority, par-
ticularly in low and middle-income countries where
barriers are both linguistic and socio-economic. Le-
gal simplification can empower under-served popu-
lations by facilitating legal compliance and reducing
dependency on costly legal assistance.

Despite significant progress in natural language
processing (NLP) for text simplification (Alva-
Manchego et al., 2020a), domain-specific re-
sources for the legal field remain scarce. Le-
gal texts pose unique challenges, such as main-
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taining legal precision while simplifying complex-
ity (Garimella et al., 2022). To address this gap, we
present SIMPLE-LAW, a curated dataset for legal
text simplification utilizing Large Language Mod-
els (LLMs). We evaluate Unsloth-optimized ver-
sions of Mistral (Unsloth, 2025c; Al, 2023), LLaMA-
3.2 (Unsloth, 2025a,b; Grattafiori and et al., 2024),
Gemma (Unsloth, 2024; DeepMind, 2024), and
Qwen-2.5 (Unsloth, 2025d,e; Team, 2024), through
both in-context and parameter-efficient fine-tuning
approaches on this dataset. Our comprehensive
evaluation, using automated and human metrics,
establishes a benchmark for legal text simplifica-
tion and supports future research in this emerging
area.

Research Questions. We address the following
research questions in this paper: (i) Can industry-
grade LLMs be used to curate domain-specific
datasets? (ii) How effective is the use of semi-
synthetic datasets in mimicking the real-world legal
simplification task? (iii) How do fine-tuned LLMs
perform compared to the in-context learning strat-
egy for the legal simplification task?

Key Contributions. The key contributions of
this paper are as follows: (i) We introduce a semi-
synthetic dataset, SIMPLE-LAW, exploiting the
power of LLMs to address the limitation of exist-
ing datasets; (ii) The SIMPLE-LAW dataset has
been evaluated using human evaluation and var-
ious other automated techniques to quantify the
quality of the curated dataset; (iii) We benchmark
SIMPLE-LAW on a wide range of general-purpose
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LLMs by experimenting with both fine-tuning and
in-context learning strategies.

2. Related Work

In this section, we discuss some impactful work
relevant to this field of research.

Text Simplification. Early approaches to text
simplification are well-surveyed in (Siddharthan,
2014), covering rule-based and statistical tech-
niques across lexical, syntactic, and discourse lev-
els. A broader review in (Al-Thanyyan and Azmi,
2021) critiques existing simplification datasets like
WikiLarge and Newsela for their domain mismatch
with legal texts. The ACCESS model introduced
by (Martin et al., 2020) demonstrates superior con-
trollable simplification, achieving a SARI score of
41.87 on WikiLarge. Prompt-based controllability
via LLMs is explored in (Madaan and et al., 2022),
enabling human-in-the-loop interventions. Rein-
forcement learning approaches with readability-
focused reward functions are proposed in (Nishi-
hara and et al., 2022). Notably, (Xu et al., 2015) in-
troduced a widely-used large-scale dataset aligned
across grade levels, while (Devaraj and et al., 2023)
released a medical domain-specific simplification
corpus.

Legal Text Simplification. (Garimella et al.,
2022) provided in-depth insight into legal domain
challenges, notably the lack of complex to simple
data available and legal jargon that complicates the
comprehension of lay people. (Cemri et al., 2022)
shows unsupervised approaches such as USLT
leverages domain specific LMs like Legal-BERT for
lexical and sentence-level simplification, demon-
strating initial gains but still limited by data scarcity.
However, Legal-BERT support only 512 input to-
kens which is not sufficient for this task. (Gallegos,
2022) has shown the usage of summarization &
simplification together produced better results by
fine-tuning and concluded with a call for higher-
quality legal datasets to improve LLMs for the law
domain. (Athugodage et al., 2024) introduced the
first large-scale parallel corpus for legal text sim-
plification in Russian language, derived from the
Rossiyskaya Gazeta legal papers. Their study sys-
tematically compared transfer learning approaches
using T5 and GPT architectures, evaluating per-
formance using both automated metrics (ROUGE,
SARI, BERTScore) and readability indices (Flesch-
Kinkaid, Gunning Fog). Their work highlighted the
superior performance of fine-tuned GPT models on
legally simplified corpora, reinforcing the potential
of domain-adapted LLMs in improving accessibility
of complex legal language. Recently, (Ujwal et al.,
2024) introduced a dataset for Long-form Question
Answer dataset in the legal domain leveraging the
power of LLMs.

3. Dataset

As established earlier, legal text simplification suf-
fers from the absence of a standardized, large-
scale parallel corpus across varied legal genres,
limiting consistent evaluation. This section intro-
duces our curated dataset, SIMPLE-LAW".

3.1.

The legal texts were obtained from a diverse range
of public legal document repositories and legal in-
formation portals spanning multiple jurisdictions,
including India, the United States (US) and the
United Kingdom (UK). The primary goal behind
this multi-jurisdictional selection was to ensure
diversity in legal language, syntactic complexity,
and jurisprudential traditions, thereby strengthen-
ing the generalizability and robustness of our le-
gal text simplification framework. We curated a
total of 6,230 legal text samples, consisting of
complex legal laws or statements. These sam-
ples were distributed approximately as follows: (i)
Indian sections and acts: approximately 3000+
samples sourced from (Lighteval, 2023), https:
//www.indiacode.nic.in/ etc.; (ii) USA Laws:
1500+ samples sourced from https://www.usa.
gov/laws—and-regulations, https://law.
justia.com/ etc.; and (iii) UK Laws: 1500+ sam-
ples sourced from https://www.legislation.
gov.uk/. These sources include judicial opinions,
statutory provisions, legal notices, and contrac-
tual clauses ensuring a broad representation of
legal language patterns and terminologies. All data
samples were collected from publicly accessible
resources and were pre-processed to improve for-
matting.

Data Collection & Source

3.2. Data Generation

Next, the focus was to create the simplified versions
of these legal texts. A semi-supervised approach
was leveraged which employed the GPT-3.5-Turbo
model (OpenAl, 2023) via OpenAl's API. A cur-
rent version of the GPT-series, i.e., GPT-4 was
not taken into consideration due to resource con-
straints. We utilized a mixture of 1-shot, 2-shot,
and chain-of-thought (CoT) prompting techniques
to generate simplifications of the legal texts ensur-
ing quality and coherence. The examples used
in these in-context strategies were gold-standard
raw text-simplification pairs curated in collaboration
with two legal experts from the author’s affiliation
to ensure that the prompts modeled high-quality
simplification patterns rooted in domain expertise.

'"The dataset & codes are availale at - https:
//github.com/mohammeddanishrabbani/
Legal-Simplification-mrabbani
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413. No appeal shall lie from any judgment or order of a Criminal Court except as provided for by this Sanhita or by any other law for the time
being in force:
Text Provided that the victim shall have a nght to prefer an appeal against any order passed by the Court acquitting the accused or convicting for a
ion, and such appeal shall lie to the Court to which an appeal ordinarily lies against the order
of conviction of such Court.

Simplified
Text

Appeals:
Judgments and orders made by a Criminal Court cannot be appealed, except as allowed by this law or any other applicable law. However, the
victim has the right to appeal against any decision by the Court that acquits the accused, convicts them of a lesser offense, or imposes
insufficient compensation. This appeal should be made to the same court where an appeal is usually filed against a conviction.

Figure 1: An instance from the SIMPLE-LAW dataset

These legal experts were given 50 random raw
texts from the collected data and were asked to
simplify these texts such that it can be understood
by non-legal laypersons. Subsequently, the two
legal experts were made to discuss with each other
and asked to choose final 50 annotated samples
with mutual agreement from a cohort of 100 sam-
ples which were ultimately included as part of the
gold-standard dataset.

3.3. SIMPLE-LAW Dataset

The SIMPLE-LAW dataset comprises of 6,230
pairs of complex legal clauses and their correspond-
ing simplified versions. Each data point consists of
a source (i.e., legal_text) and a target (i.e., simpli-
fied_text). An instance from the dataset is provided
in Figure 1. The average word count for the original
legal texts in the dataset is approximately 292.72
words, whereas the corresponding simplified texts
contain an average of 137.23 words. This indicates
a substantial reduction in textual length. This com-
pression ratio highlights the degree of abstraction
and linguistic simplification applied during the trans-
formation process. We surmise that SIMPLE-LAW
sets a foundational benchmark for building accessi-
ble legal technologies, especially for users without
legal expertise.

Quantitative Analysis. Given that the simplified
texts in SIMPLE-LAW are synthetically generated,
we took deliberate measures to ensure their high
quality. To rigorously assess their readability and
simplicity, we employed a suite of standard auto-
mated evaluation metrics, as detailed below.

e The Flesch Reading Ease score (FRE)
(Flesch, 1948) evaluates how easy a text is to read
based on sentence length and syllable complexity.
Higher scores indicate simpler, more accessible
language.

¢ The Flesch-Kincaid Grade Level (FKGL) (Kin-
caid et al., 1975) is an extension of FRE, adapted
for use in educational and military setups. It is
designed to indicate the U.S. school grade level
required to understand a given piece of text. It
is one of the most widely used readability metrics
and is particularly useful when evaluating educa-
tional materials, legal texts, web content, or any
writing where the target audience’s reading profi-
ciency matters.

e Simple Measure of Gobbledygook (SMOG)

Table 1: Quantitative analysis of SIMPLE-LAW
based on several readability & simplicity metrics;
comparison with BillSum is also reported

. Original | Simplified .
Metric Text Text BillSum

Flesch Reading 16.34 32.30 4.04
Ease score (1) ’ : ’
Flesch-Kincaid
Grade Level (1) 23.56 15.08 22.76
Simple Measure

of Gobbledygook (1) 16.96 13.99 15.47

Dale—Chall
Readability Score () | 282 9.64 .37

(McLaughlin, 1969) predicts the years of education
required to comprehend a text, based specifically
on polysyllabic words. SMOG is particularly ef-
fective for technical domains like law. A drop in
SMOG score after simplification suggests reduced
legalese and jargon.

e Dale—Chall Readability Score (Chall and
Dale, 1995) is a classic readability measure de-
signed to assess the difficulty level of a text based
on familiar vocabulary and sentence length.

The raw legal texts exhibit extremely low read-
ability as evidenced in Table 1 by a FRE score
of 16.34, a FKGL of 23.56 and a SMOG Index of
16.97, indicating that comprehension of these texts
require graduate-level literacy. The Dale—Chall
score of 9.83 further confirms the prevalence of
rare or domain-specific terminology. In contrast,
the simplified texts achieve meaningful improve-
ments across all metrics. The FRE improves to
32.31, moving toward more accessible reading lev-
els, while the FKGL and SMOG scores decrease
to 15.08 and 13.99, respectively, corresponding
to undergraduate-level readability. Although the
Dale—Chall score remains relatively high at 9.64,
this slight reduction still indicates marginal simplifi-
cation in vocabulary usage.

Additionally, we also perform evaluation to ver-
ify semantic preservation (Reimers and Gurevych,
2019) and entailment consistency between the orig-
inal legal text and generated simplified text pairs in
the dataset. (Ujwal et al., 2024) uses a sentence
transformer cross-encoder model all-MiniLM-L6-

2 (Reimers, 2021) trained on NLI tasks (Williams
et al., 2018) to ensure semantic similarity. We
adopted this method to convert the legal texts and
its corresponding simplified texts into vector em-
beddings and computed the cosine similarity to
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Table 2: Quantitative analysis of SIMPLE-LAW
based on several semantics & entailment metrics

Metric Value

Average Cosine Similarity 0.8064
Semantic Similarity Count (%) | 93.71%
Average Entailment Score 0.7438
Entailment Count (%) 80.45%
Joint Count (%) 75.70%

establish semantic similarity. The results are re-
ported in Table 2 with a threshold of 0.65 (as used
in (Ujwal et al., 2024)). The Average Cosine Similar-
ity was observed to be 0.8064, suggesting a robust
semantic alignment between the original and sim-
plified texts. The high Semantic Similarity Count
of 93.71% (proportion of pairs exceeding a 0.65
similarity threshold) further corroborates that the
simplified texts preserve the informational essence
of the legal inputs, even when surface-level lex-
ical changes are introduced. For measuring en-
tailment consistency, we utilized a NLI model, i.e.,
facebook/bart-large-mnli (Yin et al., 2019). Entail-
ment captures whether the simplified version pre-
serves factual truths present in the original text. We
used the simplified text as hypothesis and raw legal
text as premise to evaluate the probability of entail-
ment vs. contradiction, discarding the "neutral” la-
bel (Lewis et al., 2019). The results are reported in
Table 2. The Average Entailment Score computed
as the mean probability that a simplified sentence
entails its corresponding legal sentence stands at
0.7438. This relatively high value indicates that the
simplifications produced are not only structurally
modified but also largely consistent with the original
legal meaning. Importantly, an entailment thresh-
old of 0.5 was used to classify a simplification as
logically consistent. Under this criterion, 80.45% of
the dataset samples exhibit entailment, reflecting a
strong preservation of core legal semantics. The
Joint Count representing the proportion of samples
satisfying both the entailment and semantic similar-
ity thresholds is 75.70%. This compound metric is
particularly significant as it reflects the dual fidelity
of the simplified outputs both in terms of logical
consistency and semantic preservation.

Qualitative Analysis. We conducted human
evaluation to assess the quality of the simplified
legal texts along key linguistic and semantic dimen-
sions. 100 random samples were chosen from the
SIMPLE-LAW dataset and were presented to two
legal experts and one layperson from the author’s
affiliation. They were asked to rate (1 (poor) - 5
(excellent)) these samples based on four criteria:
(i) Fluency measures grammatical correctness and
naturalness of the output; (ii) Adequacy assesses
whether all essential information from the original
legal text is preserved; (iii) Simplicity evaluates the

3.8
3.6

Fluency

Figure 2: Qualitative analysis of SIMPLE-LAW
dataset on human evaluation metrics

Adequacy Simplicity ~ Faithfulness

ease of comprehension for a layperson; and (iv)
Faithfulness determines whether the legal meaning
remains intact without introducing hallucinations or
distortions. The results are reported in Figure 2.
The relatively high fluency score indicates that the
outputs are generally well-formed, grammatically
correct, and coherent. Adequacy metric scored
modestly revealing a trade-off between simplifica-
tion and content preservation, which is particularly
critical in legal domains where nuance and speci-
ficity are paramount. The model performs strongly
on simplicity with annotators noting improved ac-
cessibility and reduced legalese. The highest score
was achieved in faithfulness which measures the
factual consistency between the original and sim-
plified text. A score above 4.0 confirms that there
is low hallucination in the simplified text.

Comparative Analysis. We extensively looked
for existing datasets in legal and other domains
for our specific use-case. BillSum (Kornilova and
Eidelman, 2019) contains US Congressional bills
along with human-written summaries. These sum-
maries could be adapted for simplification since
summaries are often written in accessible language.
LEDGER (Tuggener et al., 2020) contains over
60 categories of clause-level segments from com-
mercial contracts. This dataset is primarily used
for classification and cannot be used for our task.
We found various general domain datasets for sim-
plification such as WikiLarge (Zhang and Lapata,
2017), ASSET (Alva-Manchego et al., 2020b) which
are good for base simplification model pre-training
but might fail to capture the complexity that exists
in legal text. Newsela (Xu et al., 2015) contains
news articles rewritten by professionals at multiple
readability levels. But, it has small number of sam-
ples. We compared SIMPLE-LAW with BillSum
dataset on standard readability metrics. The results
summarized in Table 1, reveals that SIMPLE-LAW
consistently outperforms BillSum across all met-
rics. Notably, SIMPLE-LAW achieves a FRE score
of 32.3, significantly higher than BillSum’s 4.042,
indicating a more accessible reading experience.
Furthermore, the lower FKGL and SMOG index
suggest that texts in SIMPLE-LAW are suitable
for readers with fewer years of formal education.
The Dale—Chall score also reflects greater lexical
simplicity in SIMPLE-LAW (9.64 vs. 11.37).

634



Table 3: Comparison of existing text simplification dataset

Dataset Domain #Samples Parallel Simplification Type

BillSum (Kornilova and Eidelman, 2019) | US Legislation ~23,000 Yes Bill = Summary (Layperson)
WikiLarge (Zhang and Lapata, 2017) Wikipedia ~296,000 Yes Complex — Simple Sentences
ASSET (Alva-Manchego et al., 2020b) Wikipedia 2,359 | Yes (multi-ref) | Sentence-level Simplification
LEDGAR (Tuggener et al., 2020) Contract Clauses ~850,000 No Classification / Clause Reuse
Newsela (Xu et al., 2015) News Articles 1,191 Yes Multiple Simplification Levels
SIMPLE-LAW (Ours) Multi-Jurisdiction Legal Data 6,230 Yes Legal — Layperson

4. Methodology

This section delineates the experimental framework
and implementation details for evaluating selected
LLMs to compare the performance of fine-tuned
and in-context variants on the legal simplification,
with a focus on improving layperson readability.

4.1. Benchmark Setup

The target task is legal text simplification aimed
at making statutory and legal language more
comprehensible to a general audience. The
benchmark assumes a supervised sequence-to-
sequence paradigm where input is a complex legal
text and output is its simplified version. To explore
the trade-off between efficiency and performance,
we selected models ranging from 1B to 7B parame-
ters, all adapted for instruction-following tasks and
deployed via the Unsloth framework (Han et al.,
2023). The models include:

(1) Gemma-3-4bit (Unsloth, 2024) (LoRA r =
8) - Chosen for its compact size and instruction-
tuned design. Suitable for multilingual legal corpora
like Indian and UK laws. Gemma’s 4B footprint
offers a strong balance between performance and
deployability.

(2) Llama-3.2-1B-Instruct-bnb-
4bit (Unsloth, 2025a) (LoRA r = 16) - The
smallest model selected to explore the minimum
viable capacity for legal simplification under
extreme parameter constraints.

(3) L1lama-3.2-3B (Unsloth, 2025b) (LoRA r =
16) - A mid-range LLaMA model known for strong
generalization. It has been selected to verify the
necessity of instruction-tuned models.

(4) Mistral-7b-instruct-v0.3-bnb-
4bit (Unsloth, 2025c) (LoRA r = 8) - Selected for
its strong instruction-tuning and efficient decoder
design and serves as a high-performing baseline
within the 7B.

(5) Qwen2.5-1.5B-Instruct-bnb-
4bit (Unsloth, 2025d) (LoRA r = 16) - A
mid-size multilingual model, well-suited for diverse
legal inputs. It allows us to test whether 1.5B pa-
rameters are sufficient when paired with high-rank
LoRA adapters.

(6) gwen2.5-7B (Unsloth, 2025¢) with r» = 16 -
Included to study the impact of LoRA rank (r=16) on
model capacity and legal language understanding
at the 7B scale.

All models were quantized to 4-bit precision and
fine-tuned using the QLoRA technique (Dettmers
et al., 2023), which enables efficient training with
low memory overhead and were evaluated on In-
Context Learning (ICL) and Fine-Tuning (FT) set-
tings.

Fine-tuning Strategy. We utilized QLoRA
(Dettmers et al., 2023) which enables low-rank
adaptation (Hu et al., 2021) (LoRA) of 4-bit quan-
tized models, significantly reducing the compu-
tational overhead while maintaining performance.
Each model is fine-tuned on the entire training
dataset in a supervised manner, learning to map
complex legal input texts to their corresponding sim-
plified outputs. LoRA ranks are configured (e.g.,
r = 8 or r = 16) depending on the model capacity,
allowing effective adaptation with minimal trainable
parameters.

In-context Learning Strategy. In contrast, the
ICL strategy leverages pretrained models without
updating their weights. We have tried a range
of k-shot prompting techniques ranging from 0-2.
This setup mimics human-like learning and has
gained traction as an effective alternative for down-
stream tasks (Brown et al., 2020; Chen and Wang,
2022). While ICL offers deployment flexibility with-
out requiring model retraining, it is often sensitive
to prompt structure and model size.

4.2. Implementation Details

80% of the dataset was used as training set for
FT/ICL using the Unsloth (Han et al., 2023) library.
We adopted the Unsloth implementation due to its
practical advantages (Saputra, 2025) for scalable
and efficient experimentation with instruction-tuned
LLMs across various models (1B—7B) on a single
consumer-grade NVIDIA RTX 2080 Ti GPU, with-
out compromising training stability or output quality.
FT was performed with a batch size of 4, gradient
accumulation steps of 1, AdamW_8bit (Dettmers
et al., 2022) optimizer, learning rate of 2e-4, IoRA
alpha equals rank, and with 5 warmup steps. LoRA
ranks were set to 8 or 16 as specified. Inputs were
tokenized using model-specific tokenizers with a
maximum length of 8192 tokens. During inference,
we employed a controlled decoding strategy to en-
sure fluency, diversity, and factual consistency in
the output with a maximum generation length of
8192 tokens to accommodate longer legal inputs
and outputs. A moderate temperature of 0.7 was
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used to balance creativity and determinism, while
top-k sampling (with & = 50) and top-p sampling
(with p = 0.9) were applied to restrict the sampling
space to high-probability tokens, promoting both
diversity and coherence. To discourage verbose
or repetitive completions, we introduced a repeti-
tion penalty of 1.2 and enforced a no-repeat n-gram
size of 3, ensuring that trigrams do not repeat within
the output. The generation process was terminated
upon encountering the model’s end-of-sequence
token (eos_token_id). This configuration was
consistent across all models and experiments to
ensure comparability of results.

4.3. Evaluation Metrics

In this section, we outline several evaluation strate-
gies and metrics to assess the quality of the gener-
ated output by different models.

Automated Metrics. We have evaluated the
models for FT and ICL on various standard
automated metrics for text generation such as
BERTScore (Zhang et al., 2020) and ROUGE met-
rics (Lin, 2004). In addition to standard automated
evaluation metrics, we employ SAR/ (System out-
put Against References and against the Input) (Xu
et al., 2016), a widely recognized metric specifi-
cally designed for text simplification tasks. Unlike
conventional metrics that rely solely on comparing
system outputs with reference simplifications, SARI
evaluates the quality of simplification by explicitly re-
warding the system’s ability to perform appropriate
additions, deletions, and retentions. It does so by
simultaneously comparing the system output with
both the original complex input and multiple refer-
ence simplifications. This allows SARI to effectively
capture the trade-off between content preservation
and readability enhancement, making it particularly
suitable for simplification tasks.

Hallucination Analysis. Additionally, we also
performed evaluation to analyze how each of these
models hallucinated while generating simplified ver-
sions of the legal text, i.e., measuring the factuality
of the generated simplified texts. We utilized a sen-
tence transformer cross-encoder model? similar to
(Ujwal et al., 2024) which outputs a probability be-
tween 0 and 1 where 0 indicates hallucination and
1 being factually consistent. We used the hypoth-
esis as the ground truth and the premise as the
generated simplified text by the model.

Human Evaluation Metrics. We conducted hu-
man evaluation to assess the quality of the simpli-
fied legal text generated from the fine-tuned models
since the fine-tuned models performed better when
judged on automated metrics. 50 random samples
were chosen from the SIMPLE-LAW dataset along

®https://huggingface.co/vectara/
hallucination_evaluation_model

with responses from all the FT models and were
presented to one legal expert and two non-legal
layperson from the author’s affiliation. They were
asked to rate (1 (poor) - 5 (excellent)) these sam-
ples based on four criteria mentioned in Section
3.3.

5. Results and Analysis

This section presents a comprehensive analysis
of the experimental results obtained by evaluating
multiple QLoRA-LLMs across ICT and FT settings
for the legal text simplification task.

5.1. Experimental Results

The evaluation of the models focuses on se-
mantic preservation, syntactic fidelity, factual ac-
curacy, and simplification efficacy measured us-
ing BERTScore, ROUGE, SARI, and a custom
hallucination-based factuality metric discussed
above. The results have been logged in Table
4. As observed, the Mistral-7B model demon-
strated overall superior performance with the high-
est BERTScore-F1 at 0.9289 in the fine-tuned set-
ting. Also, it achieved top scores in all the ROUGE-
1/2/L/Lsum metrics suggesting an excellent lexical
and syntactic overlap with the reference simplifica-
tions. In terms of SARI, it achieved a notable 66.29,
outperforming other models by a significant margin,
indicating high-quality simplifications in terms of
appropriate additions, deletions, and keeps. On
the other hand, LLaMA-3.2-1B variant showed an
interesting trend with the fine-tuned variant achiev-
ing strong results (BERTScore-F1 = 0.9031, SARI
= 50.06, ROUGE-1 = 0.5888) despite being sig-
nificantly smaller. The in-context learning variants,
especially 1-shot and 2-shot performed competi-
tively in semantic similarity (BERTScore-F1 = 0.85),
but fell short in SARI with score less than 43 indicat-
ing weaker structural simplification. It also outper-
formed LLaMA-3.2-3B model thereby showing that
instruction tuned models perform better. Gemma-
3-4B model yielded strong results with in-context
learning strategy. ICL-2-shot showed effective bal-
ance approaching fine-tuned Mistral’s performance.
The fine-tuned variant in this case did not substan-
tially outperform in-context ones, possibly indicat-
ing Gemma’s limited gains from low-resource fine-
tuning compared to more instruction-aligned mod-
els. Both the models from the Qwen family did not
perform well on legal text simplification task. This
possibly can be attributed to pretraining on code
and mathematical reasoning datasets which limits
their alignment with legal narrative structures. As
observed throughout, across all models, fine-tuning
with QLoRA yields substantial improvements over
in-context learning. Mistral-7B shows an increase
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Table 4: Quantitative analysis of different models on the SIMPLE-LAW dataset. The best performing

strategy for each model is highlighted in blue and the second best in red

Model(s) Strategy 5 BERTrScore : : R02UGE SLcore — SARI Fgg‘t;lzl
ICL-0-shot | 0.83 | 0.87 | 0.85 | 0.32 | 0.16 | 0.23 | 0.29 | 42.65 0.55

LLama-3.2-1B ICL-1-shot | 0.84 | 0.86 | 0.85 | 0.33 | 0.16 | 0.23 | 0.29 | 41.54 0.58
ICL-2-shot | 0.83 | 0.87 | 0.85 | 0.27 | 0.13 | 0.20 | 0.24 | 42.32 0.73

FT 0.90 | 0.90 | 0.90 | 0.59 | 0.34 | 0.47 | 0.53 | 50.06 0.60

ICL-0-shot | 0.86 | 0.85 | 0.86 | 0.29 | 0.09 | 0.20 | 0.26 | 35.39 0.20
Qwen-2.5-1.58 ICL-1-shot | 0.84 | 0.85 | 0.85 | 0.29 | 0.10 | 0.20 | 0.26 | 36.40 0.30
ICL-2-shot | 0.85 | 0.85 | 0.85 | 0.26 | 0.08 | 0.19 | 0.23 | 35.07 0.26

FT 0.88 | 0.88 | 0.88 | 0.42 | 0.19 | 0.32 | 0.37 | 42.70 0.43

ICL-0-shot | 0.81 | 0.82 | 0.81 | 0.13 | 0.02 | 0.09 | 0.12 | 29.56 0.09

LLama-3.2-3B ICL-1-shot | 0.81 | 0.83 | 0.82 | 0.17 | 0.04 | 0.11 0.15 31.39 0.11
ICL-2-shot | 0.81 | 0.83 | 0.82 | 0.18 | 0.03 | 0.11 | 0.16 | 31.15 0.13

FT 0.88 | 0.89 | 0.88 | 0.43 | 0.23 | 0.35 | 0.40 | 41.77 0.35

ICL-0-shot | 0.82 | 0.88 | 0.85 | 0.39 | 0.15 | 0.24 | 0.35 | 42.97 0.28

Gemma-3-4B ICL-1-shot | 0.84 | 0.89 | 0.87 | 0.46 | 0.21 | 0.32 | 0.41 | 45.00 0.38
ICL-2-shot | 0.88 | 0.90 | 0.89 | 0.51 | 0.24 | 0.37 | 0.46 | 45.00 0.45

FT 0.82 | 0.88 | 0.85 | 0.38 | 0.15 | 0.24 | 0.34 | 42.44 0.27

ICL-0-shot | 0.82 | 0.84 | 0.83 | 0.17 | 0.03 | 0.11 | 0.15 | 31.28 0.06

Qwen-2.5-78 ICL-1-shot | 0.78 | 0.82 | 0.80 | 0.16 | 0.03 | 0.10 | 0.14 | 30.52 0.14
ICL-2-shot | 0.77 | 0.81 | 0.79 | 0.11 | 0.02 | 0.07 | 0.10 | 29.61 0.06

FT 0.82 | 0.87 | 0.85 | 0.31 | 0.13 | 0.23 | 0.28 | 37.97 0.29

ICL-0-shot | 0.89 | 0.91 | 0.90 | 0.56 | 0.32 | 0.44 | 0.51 | 51.28 0.60

Mistral-7B ICL-1-shot | 0.90 | 0.92 | 0.91 | 0.60 | 0.37 | 0.50 | 0.56 | 53.28 0.58
ICL-2-shot | 0.90 | 0.92 | 0.91 | 0.59 | 0.36 | 0.50 | 0.55 | 53.32 0.57

FT 0.93 | 0.93 | 0.93 | 0.73 | 0.57 | 0.67 | 0.70 | 66.29 0.66

—— gemma_3_4B
llama_3.2_1B
—— llama_3.2_3B
—— Mistral_7B
—— Qwen_2.5_1.58
—— Qwen_2.5_7B

fluency

faithfulness

simplicity

Figure 3: Human evaluation scores of different mod-
els in fine-tuning setting

in SARI from 53.3 (in-context-1-2-shot) to 66.29
(fine-tune). LLaMA-3.2-1B improves its ROUGE-
1 score from 0.32 (in-context) to 0.59 (fine-tune)
and its SARI from 42.6 to 50.06. Qwen-2.5-1.5B
and Gemma-3-4B also show notable SARI gains
post-finetuning.

Hallucination Analysis. The factuality scores
derived across both ICL and FT strategies reveal no-
table trends in hallucination behavior. Amongst the
evaluated models, Mistral-7B demonstrated con-
sistently high factual accuracy across all prompting
strategies, with the FT variant achieving the high-
est factuality score of 0.664, indicating its robust-
ness against hallucination. Interestingly, LLama-
3.2-1B (instruction-tuned) outperformed its larger
3B (not-instruction tuned) counterpart in ICL set-
tings, particularly with 2-shot prompting (0.733)

suggesting that instruction-tuned smaller model
may generalize better with few-shot examples when
appropriately tuned. This can be confirmed with
Qwen-2.5-7B (not instruction-tuned) which exhib-
ited the weakest performance, especially in ICL
modes, where scores dropped as low as 0.061,
highlighting a tendency toward hallucinations un-
der few-shot prompting. However, fine-tuning im-
proved its performance to 0.291, although still trail-
ing behind other models. However, Qwen-2.5-1.5B
(instruction-tuned) performed better which showed
moderate gains through fine-tuning (0.433), outper-
forming its ICL configurations. Collectively, these
observations suggest that model-specific architec-
tural differences, parameter scales, and the choice
of strategy (ICL vs FT) substantially impact factual
consistency, with fine-tuning generally yielding bet-
ter factual adherence except in specific cases like
LLama-1B and Gemma-4B, where 2-shot prompt-
ing proved superior.

Human Evaluation. Based on the human evalu-
ation scores (shown in Figure 3) several trends
emerge that compare performance of the fine-
tuned models on the legal text simplification task.
Mistral-7B consistently outperformed other models
across all metrics, particularly excelling in faithful-
ness (4.8) and simplicity (4.6), indicating that it not
only preserves the meaning of the original legal
text but also expresses it in a more comprehensi-
ble manner. LLaMA-3.2-1B followed closely, with
strong performance in simplicity (4.33) and faith-
fulness (4.5) suggesting that smaller-scale mod-
els can also be competitive when well-optimized.
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-

The lessee shall indemnify the lessor against all
liabilities arising from the use of the premises.
J

Simplified Text - Mistral-7B
If there are any costs or damages related to how
the property is used by the renter, they must cover
those expenses. )

-
Simplified Text  Llama-1B
The tenant must pay any costs or expenses incurred
as a result of their use of these properties.

Ve (
Legal Text
In the event of non-compliance, the agreement may
be terminated without prior notice.

J

Simplified Text - Mistral-7B
If the agreement isn't followed as agreed upon, it
can be ended immediately without giving any
advance notice.

Simplified Text - Llama-1B
In the case where something isn't done according
to what we've discussed beforehand, we can stop
from doing things previously agreed-upon.

J

Figure 4: Sample output generated by different models in fine-tuning setting

In contrast, LLaMA-3.2-3B and Qwen-2.5-7B un-
derperformed, particularly the latter, which scored
the lowest across all dimensions, especially in flu-
ency & simplicity possibly indicating the importance
of instruction-tuning of models as Qwen-2.5-7B
and LLaMA-3.2-3B are not models of instruct cat-
egory. Interestingly, Gemma-3-4B and Qwen-2.5-
1.5B achieved moderate scores across metrics,
with Gemma slightly edging out in adequacy, re-
flecting a balanced but not outstanding capabil-
ity. These results underscore the significance of
not just model size, but also the architecture and
instruction-tuning quality in determining simplifica-
tion performance. Moreover, they highlight that
larger instruction-tuned models like Mistral-7B can
better grasp and translate complex legal language
into simpler forms, aligning closely with human ex-
pectations of clarity and accuracy.

Qualitative Analysis. Figure 4 presents a quali-
tative comparison between outputs generated by
two best fine-tuned models: Mistral-7B and LLaMA-
1B. In the first example, Mistral-7B produces a more
fluent and idiomatic text which is natural, coher-
ent, and closely aligned with layperson comprehen-
sion, using familiar terms such as "costs or dam-
ages" and "renter". In contrast, LLaMA-1B’s output
while correct and structurally sound, remains closer
to the original legal register and includes slightly
more formal/legal terminology such as "incurred"
and "these properties". This suggests that Mistral-
7B may generalize better. In the second example,
Mistral-7B output is accurate, fluent, and preserves
the immediacy of termination implied in the origi-
nal clause. LLaMA-1B’s output, however, exhibits
signs of grammatical awkwardness introducing in-
formal phrasing ("we’ve discussed beforehand")
and includes an unclear construction ("stop from
doing things"), which may reduce the understand-
ing. Overall, the qualitative analysis highlights that
the Mistral-7B (FT) consistently delivers more ac-
curate, grammatically coherent, and user-friendly
simplifications than LLaMA-1B.

5.2. Findings to Research Questions

In this section, we provide answers to our research
questions backed by empirical findings.

RQ(i): Can industry-grade LLMs be used
to curate domain-specific datasets? Yes,

industry-grade LLMs (e.g., GPT-3.5-Turbo) demon-
strated strong utility in curating high-quality domain-
specific datasets, especially when guided through
structured prompting strategies such as 1-shot, 2-
shot, and chain-of-thought (CoT) (Wei et al., 2022).
As evident, SIMPLE-LAW dataset was generated
using GPT-3.5-Turbo through templated prompts
tailored to simplify legal clauses and the manual
and automated evaluation of the generated sim-
plifications confirmed linguistic fluency, syntactic
correctness, and general adherence to factual con-
sistency (seen in Table 1 & 3). The overall dataset
quality was robust enough to support different
model fine-tuning. The performance of the fine-
tuned models such as Mistral-7B further validates
the dataset’s utility with a high SARI, ROUGE, and
BERTScore values suggesting that the curated sim-
plifications offered a strong learning signal. Thus,
industry-grade LLMs can serve as efficient, scal-
able tools for bootstrapping task-specific datasets
in low-resource domains such as legal text simplifi-
cation.

RQ(ii): How effective is the use of semi-
synthetic datasets in mimicking the real-
world legal simplification task? Semi-synthetic
datasets, when generated via high-quality prompt-
ing strategies, can effectively replicate the com-
plexity and nuance of real-world legal simplification
tasks, albeit with some limitations regarding factual
consistency in low-capacity models. Fine-tuned
models trained exclusively on the semi-synthetic
dataset exhibited substantial gains across all evalu-
ation metrics compared to in-context variants, indi-
cating effective learning from synthetic supervision.

RQ(iii): How do fine-tuned LLMs perform
compared to the in-context learning strategy
for the legal simplification task? Fine-tuned
LLMs, particularly those trained using QLoRA, sig-
nificantly outperformed in-context learning strate-
gies across all measured dimensions. Mistral-
7B showed a stark improvement in simplification
quality when fine-tuned compared to its best ICL
variant. LLaMA-3.2-1B, despite its small size,
demonstrated strong gains. Parameter-efficient
techniques such as QLoRA allows scalable fine-
tuning even for resource-constrained environments
while outperforming prompt-based alternatives.
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6. Conclusion and Future Works

In this work, we introduced SIMPLE-LAW, a novel
dataset comprising of 6,230 high-quality pairs of
complex legal text and their corresponding simpli-
fied versions, generated with a LLM using multiple
in-context learning strategies. The dataset is specif-
ically curated to support research in legal text sim-
plification, a task which lacked a standard dataset.
The dataset was further benchmarked with a suite
of Unsloth LLMs across multiple model sizes, us-
ing rigorous evaluation metrics both in fine-tuning
and in-context learning strategies. Our findings in-
dicate that lightweight models achieve competitive
simplification quality with reduced inference costs,
suggesting practical viability for deployment in legal
aid systems.

Future works will include (i) enhancing factual
consistency and legal soundness through super-
vised alignment and reinforcement learning with hu-
man feedback (RLHF) (Lambert, 2025); (ii) expand-
ing the dataset to encompass multilingual legal cor-
pora and diverse legal subdomains can broaden
the model’s generalization etc. We surmise that
this work furthers the initiative to bring the research
community closer to trustworthy, accessible, and
scalable Al systems for the legal domain.
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