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Abstract
We design and implement a summarization pipeline for regulatory documents, focusing on two main
objectives: creating two silver standard datasets using instruction-tuned large language models (LLMs)
and finetuning smaller LLMs to perform summarization of regulatory text. In the first task, we employ
state-of-the-art models, Cohere C4AI Command-R-4bit and Llama-3-8B, to generate summaries of
regulatory documents. These generated summaries serve as ground-truth data for the second task, where
we finetune three general-purpose LLMs to specialize in high-quality summary generation for specific
documents while reducing the computational requirements. Specifically, we finetune two Google Flan-T5
models using datasets generated by Llama-3-8B and Cohere C4AI, and we create a quantized (4-bit)
version of Google Gemma 2-B based on summaries from Cohere C4AI. Additionally, we initiated a pilot
activity involving legal experts from SGS-Digicomply to validate the effectiveness of our summarization
pipeline.
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1. Introduction

The legal industry is characterized by an overwhelming influx of textual data, encompassing
case law, statutes, regulations, legal opinions, and contracts. Navigating these vast amounts of
information can be laborious and time-consuming for legal professionals. Hence, there arises
the need for efficient and accurate summarization tools to improve productivity and facilitate
better decision-making.
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Recent advancements in Natural Language Processing (NLP) and particularly Large Language
Models (LLMs) have shown significant promise in automating text summarization tasks. The
introduction of the transformer architecture by Vasvani et. al. [1] and models derived from it
have improved the quality of generated summaries [2, 3]. Yet, summarizing legal texts presents
unique challenges compared to different domains. On the one hand, legal texts present a high
level of syntactic and semantic complexity combined with a highly domain-specific vocabulary.
On the other hand, legal text summarization asks for a high level of accuracy and comprehension,
as even minor errors in summarization can lead to significant misinterpretations.
Instruction-tuned Large Language Models (ILLMs) such as ChatGPT1 or Perplexity,2 have

shown remarkable capabilities in various NLP tasks, including text summarization. However,
these models are often large and computationally expensive for practical deployment. There is
a pressing need to develop methods to reduce model size without compromising performance,
especially for domain-specific applications like legal regulation summarization.

The present research is conducted within the Extreme Food Risk Analytics European (EFRA)
project framework. The project’s main goal is to develop an AI-driven approach to help and
promote food risk prevention. In particular, we address the challenges of summarizing regulatory
documents, offering insights that can be applied to other domain-specific applications. When
considering the introduction of food safety regulations, it is important to remember that it is a
complex procedure involving several steps. In fact, public authorities and regulators require an
integrated decision framework that allows an automatic evaluation of both the regulatory aspect
and the food and risk-related one. In this framework, our partner, SGS-Digicomply3, plays a
crucial role. They are a company specialized in “regulatory compliance and risk prediction with
modern technology” with the leading software in the Food Safety market. For this research,
they provide us with their extensive set of regulatory data.
In this paper, we develop and evaluate a method for summarizing regulatory food safety-

related documents using instruction-tuned LLMs. Due to the fact there is little annotation
available in this regard, we first create a dataset consisting of document summary pairs. The
dataset captures the complexities and specificities of regulatory text summarization. To this
end, we employ powerful — yet expensive — ILLMs to generate silver standard summaries of
our collection of documents. This weak supervision method allows us to enhance the amount
of data used for creating a fine-tuned summarization model, our second contribution. We then
employ this dataset as a training set for smaller LLMs that are finetuned on the previously
generated output of their larger counterparts. We aim to transfer the reliable knowledge
of billion-sized LLM into smaller models, tearing down the summarization cost at the price
of negligible degradation in the generated summaries. Finally, we provide a comprehensive
evaluation of our models using a dataset of regulatory documents provided by SGS-Digicomply.
Our results demonstrate the effectiveness of our approach in generating accurate and concise
summaries.
The rest of the paper is organized as follows. In Section 2, we present the current state

of the art available in the literature. In Section 3, we explain our research methods and the

1https://openai.com/chatgpt/
2https://www.perplexity.ai/
3https://www.digicomply.com
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experimental setup. Finally, in Section 4, we present and comment on the results, followed by
the conclusions in Section 5.

2. Related Work

Text summarization has been a significant area of research within natural language processing
(NLP), with recent advancements driven by large language models (LLMs). This section reviews
the most relevant contributions in the field.
Large language models have shown remarkable capabilities in generating coherent and

contextually relevant summaries. Zhang et al. [4] explored the use of transformer-based
architectures for summarization tasks, highlighting the superior performance of LLMs in
handling long document contexts. Their work emphasizes the importance of model size and
finetuning in achieving high-quality summaries, which aligns with our use of Llama-3-8B and
Cohere Command-R-4bit models for initial summary generation. Many other applications of
ILLMs and finetuned ones can be found in the literature. For instance, [5] shows that ILLMs
have excellent rewriting capabilities in the context of query rewriting. [6] proposed a new
framework to adapt LLMs to different domains by injecting legal information during a continual
training stage. [7] introduce Legal Electra, a Language Model specialized in the legal domain.
[8] and [9], explore new techniques to summarize documents in a low resources setting. The
first use models such as BART [10] and GPT-2 [11] to summarize long documents, while the
second investigate how to adapt models to the domain while keeping the resources low.

The concept of instruction-tuning, where models are finetuned with specific instructions to
perform a task, has proven effective in various NLP applications. Wei et al. [12] demonstrated
that instruction-tuning significantly enhances the performance of LLMs across multiple tasks,
including summarization. [13] offer a good survey on the main techniques in the Natural
Language Processing field, including summarization. Regarding model compression, [14]
discussed the effectiveness of quantization in reducing model size and improving inference
speed, which is critical for deploying models in resource-constrained environments.

The application of LLMs to regulatory text summarization poses unique challenges due to the
complexity and specificity of regulatory documents. Our collaboration with SGS-Digicomply
provides a practical setting for evaluating our summarization pipeline. By involving legal
experts in the pilot phase, we ensure the generated summaries are concise and comply with
regulatory standards and legal requirements. This practical application highlights the real-
world relevance and effectiveness of our proposed methods. In summary, our work builds on
the advancements in instruction-tuned LLMs, finetuning, and model compression to develop
an energy-efficient summarization pipeline tailored to regulatory texts. This integration of
state-of-the-art techniques enhances the summarization quality and addresses the practical
constraints of deploying such models in resource-limited environments.

3. Experimental Setup

This section presents the methodology used to conduct the current research. As indicated
in Section 1, our first objective is to generate a dataset of regulatory document summaries



exploiting the capabilities of ILLMs. Subsequently, we finetune several smaller models to learn
how to summarize regulatory documents, with the purpose of distilling the summarization
capabilities of ILLMs into more resource-efficient architectures.

Data Collection. The primary dataset for this study consists of regulatory documents provided
by one of our industry partners, SGS-Digicomply. The dataset (SGS Dataset) they created for us,
which cannot be made public for copyright reasons, is a large collection of HTML regulatory
documents. It comprises items collected from websites identified by experts as pertinent to the
food industry. For each selected website, a strategy was devised to identify the most relevant
documents, which were then scraped using a proprietary framework built on top of the Scrapy
Python library4. The source documents come in various formats, including HTML, PDFs, and
Docx files. Each document undergoes processing and conversion into HTML and JSON formats
suitable for machine learning applications. The original language of each document is detected,
and non-English documents are translated into English.

The SGS-Digicomply dataset is intended to serve as a comprehensive collection of documents
relevant to global markets detailing the regulatory landscape. It includes government publi-
cations, news articles, and scientific papers on legislative changes and food safety issues. For
this research, we focus exclusively on the subset of data related to food regulatory frameworks.
The version of the dataset used for this research comprises a total of 14,307 documents in 28
different languages. Most of these documents are in Italian, totaling 8,191, while English is the
second most represented language, with 4,034 documents. As stated before, each document in
a language different from English has a corresponding version in English, which we use for
our experiments. All of these documents are provided with a summary. Most of them have a
”scraped summary,” while 44 have a manual summary, which human experts wrote. This set of
summaries constitutes part of our test set, and we use it to evaluate our summaries. Finally,
two different datasets must be created first to perform the finetuning phase.

Data Preprocessing. We apply a simple pre-processing step to remove non-textual elements —
metadata, footnotes, and references — as shown in Figure 1. We employ the BeautifulSoup5

Python library to eliminate all the non-HTML elements.
To deal with the GPU memory limit, we cannot feed the entire textual input to the ILLMs

that otherwise cause an Out-of-Memory GPU error. For this purpose, we create two datasets
with different configurations of the same HTML content:

• The first dataset (SGS-Cut) is created using the first 40k characters of each cleaned document
while eliminating the rest.

• The second dataset (SGS-Split) is created by splitting the cleaned HTML documents into
chunks of 30k characters each. In this way, we produce multiple training samples for each
text, notably increasing the total number of samples.

These two datasets are then used as input for the selected ILLMs to generate a new dataset of
summaries that will be used for the finetuning phase.

4https://scrapy.org/
5https://www.crummy.com/software/BeautifulSoup/
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Figure 1: Example of HTML document contained in the SGS Dataset

Summaries Generation. We use the ILLMs to generate the summaries for each dataset; in
particular, we select Llama-3-8B-Instruct and CohereForAI/c4ai-command-r-v01-4bit, which
were the top-performing open-source model on the HuggingFace Open LLMs Leaderboard 6 at
the time of performing the present research. Llama is used for the SGS-Split dataset to generate
summaries relative to each chunk of the documents, and Cohere for the SGS-Cut to generate a
single summary per document. We provide the ILLMs with a prompt to input the data, asking
them to summarize the regulatory documents, i.e., “I want you to summarize the following legal
document”, followed by the document itself. This results in the creation of two different datasets:
the Llama dataset, composed of a training set of 15,101 entries, and validation and test sets of
1,888 entries each. On the other hand, the Cohere dataset consists of a training set of 7,485
entries and a validation and test set of 935 entries each. Both datasets are then used to perform

6https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard
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the finetuning phase.

Model Finetuning. We finetune several models from the HuggingFace repository. Models
can belong to different architectures, and each architecture requires a specific input format.
We rely on encoder-decoder and decoder-only transformers. The former requires clean text as
input and provides a generated text as output. The latter creates a continuation of the input
text token by token. Hence, we employ a separation token that indicates the end of the input,
marking the start of the summary. At training time, we provide the model with the properly
formatted input and, as a target, the summary of the relative document or chunk of it.
With our generated datasets in hand, the next step is to finetune several models to see

if we could replicate or even improve upon the performance of the ILLMs, but with lower
computational requirements. To pursue this goal, we experiment with three distinct finetuning
paths. First, we use the summaries generated by Llama-3-8B-Instruct to finetune google/flan-
T5-large. This involved training the model to understand and replicate the style and precision
of Llama-3-8B-Instruct’s summaries.

Similarly, we finetune another instance of google/flan-T5-large, using the summaries produced
by CohereForAI/c4ai-command-r-v01-4bit. This allows us to compare the impact of different
summary sources on the same base model. Lastly, we finetune a 4-bit quantized version of
google/gemma-2B using the CohereForAI-generated summaries. The quantization significantly
reduced the model size and computational load, making it more efficient while aiming for
high-quality output. The finetuning process was conducted on a Nvidia V-100 80GB GPU to
handle large models and extensive datasets effectively.

Newly generated summaries go to a final post-processing phase that eliminates all the noise
and errors that the models might produce. For instance, in some cases, the generative models
fit the maximum number of tokens to generate and create sentences that do not conclude. In
those cases, we simply eliminate the latest generated sentence.

Evaluation Metrics. Summarization is not an easy task to evaluate. The most used metrics,
such as ROUGE, use the lexical overlap to establish the similarity between the documents and
the summaries, which poorly estimate the semantic overlapping between the two. To address
this problem, we incorporate neural evaluation metrics, such as BERTScore and the newly
released LongDocFactScore metric [15]. These metrics overcome the limits of the lexical-based
approach, aiming at assessing the factual accuracy and consistency of the summaries, ensuring
that the finetuned models not only generated concise summaries but also preserved the integrity
and essential facts of the original legal content.
We list the metrics employed in our evaluation.

• ROUGE-1 (R1) [16] measures the overlap of unigrams (single words) between the sum-
maries generated by our models and the reference summaries from the handmade dataset.

𝑃ROUGE-1 =
number of overlapping words

total words in generated summary
(1)

𝑅ROUGE-1 =
number of overlapping words

total words in reference summary
(2)

• ROUGE-L (RL) [16] evaluates the longest common subsequence (LCS), which is the longest
sequence of words (not necessarily contiguous) present in both the generated summary



and the reference.
𝑃ROUGE-L =

number of words in LCS
total words in generated summary

(3)

𝑅ROUGE-L =
number of words in LCS

total words in reference summary
(4)

• BERTScore [17] uses a model based on BERT to compare the similarity between pairs of
texts. It creates embeddings for both the automatically generated summaries (i.e., ̂x) and
the reference summaries (i.e., x), then evaluates the similarity between these embeddings.

𝑃BERTScore =
1
|𝑥̂ |

∑
̂x𝑗∈𝑥̂

max
𝑥𝑖∈𝑥

x𝑇𝑖 x̂𝑗 𝑅BERTScore =
1
|𝑥|

∑
x𝑖∈𝑥

max
𝑥̂𝑗∈𝑥̂

x𝑇𝑖 x̂𝑗 (5)

• LongDocFactScore (LDFS) [15]: Given the importance of factual accuracy in regulatory
documents, we incorporated LongDocFactScore. This recently developed metric assesses
both factual accuracy and consistency, ensuring that the summaries retained the key facts
and logical flow of the originals.

Also, for R1, RL, and BERTScore, we calculate the F1-score as shown in Equation 6.

𝐹1 = 2 ∗ 𝑃 ∗ 𝑅
𝑃 + 𝑅

(6)

The metrics that we use to evaluate are the F1-measure for Rouge 1 (F1@R1), Rouge L
(F1@RL), and BertScore (F1@BS), plus the newly introduced one LongDocFACTScore (LDFS).
Although Rouge in the original formulation only represents recall, we argue that using F1 shows
a more comprehensive picture.

4. Results

In this section, we present the results of the experiments after the finetuning phase. We compare
five different LLMs, both instruction-tuned and finetuned. Llama-3-8B and Cohere 4-bit are
the instructed ones that we also use to generate the training datasets for the finetuning phase
(see Sec. 3). On the other hand, we use two finetuned versions of Flan-T5, one finetuned on
Cohere-generated data and one on Llama. Furthermore, we evaluate the performance of a 4-bit
quantized version of Gemma-2B finetuned on the data generated by Cohere.
In Figures 2a and 2b, we report the average length of the available summaries for the two

datasets we use to evaluate. Figure 2a reports the boxplot indicating the length distribution of
the summaries considering the subset of 44 manual summaries. On the other hand, Figure 2b
reports the length distribution of the summaries in the test set provided by SGS-Digicomply.

As we can observe, in both cases, the summaries generated by the finetuned and ILLMs are,
on average longer than the reference ones indicated by the English Summary label.
In Table 1, we report the results of the evaluation phase when comparing the generated

summaries with the manual ones provided by SGS-Digicomply. In this case, we can observe
that the best-performing model is Flan T5, finetuned with the dataset generated using Cohere.

In Table 2, we report the results of the chosen metrics calculated when comparing all of the
summaries, including the 44 manual ones provided with the dataset, with the content of the
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Figure 2: Length distribution of the summaries. On the left (a) are the ones of the 44 entries subset
containing the manual summaries, while on the right (b) the test set provided by SGS-Digicomply.

Table 1
Results of the evaluation phase calculated between all the summaries and the HTML documents
generated by SGS-Digicomply. F1 indicates the f-measure, while R1, RL, and BS indicate Rouge 1, Rouge
L, and BERTScore, respectively.

Metric
Silver Standard Fine Tuned

Llama-3-8B Cohere 4bit Flan T5 Llama Flan T5 Cohere Gemma 2B 4bit

F1@R1 0.252 0.243 0.239 0.264 0.232
F1@RL 0.161 0.150 0.160 0.173 0.148
F1@BS 0.821 0.823 0.817 0.829 0.796
LDFS -5.379 -4.914 -5.565 -4.606 -5.643

HTML documents. As we can observe, the summaries generated with Llama-3-8B are the ones
that obtain the highest result for all the metrics, with a high gap with the manual ones. All
generated summaries get higher scores than the ones obtained manually. This can be probably
due to the length of the manual summaries, which has a significant influence when evaluating
lexical overlap features and will be assessed in the next iterations of the research.

Table 2
Results of the evaluation phase calculated between all the summaries, including the manual and the
HTML documents generated by SGS-Digicomply. F1 indicates the f-measure, while R1, RL, and BS
indicate Rouge 1, Rouge L, and BERTScore, respectively.

Metric Manual
Silver Standard Fine Tuned

Llama-3-8B Cohere 4bit Flan T5 Llama Flan T5 Cohere Gemma 2B 4bit

F1@R1 0.099 0.241 0.192 0.213 0.226 0.167
F1@RL 0.065 0.174 0.129 0.146 0.170 0.120
F1@BS 0.791 0.832 0.825 0.805 0.827 0.828
LDFS -4.633 -3.019 -3.397 -3.175 -3.071 -2.963



Finally, Tables 3 and 4 show the results obtained when evaluating the summaries on the
external test set provided by SGS-Digicomply. In the first table, we can see the results of the
generated summaries evaluated when compared with the content of the HTML document. In
line with the evaluation shown in Table 2, we observe that the higher scores are achieved by
the summaries generated using Llama-3-8B-Instructed, which seems the best model to grasp
the content of the original HTML better. The only exception is the LongDocFACTScore metric,
which indicates that Flan T5 trained on the Llama summaries is the best way to keep track of
the facts in the original HTML.

When we consider the scraped summaries contained in the SGS-Digicomply test set, we can
see that Flan T5 finetuned on the Cohere dataset achieves the best results when considering
Rouge L, BertScore, and LongDocFACTScore, while Gemma 2B 4bit is the best performing one
when considering Rouge 1. Also, in this case, we need to remember that a higher metric value
might not involve the fact that the generated summaries are better than those with lower scores,
as the current metrics for evaluating summarization retain little information regarding the
content of the summaries.

Table 3
Results of the evaluation phase calculated between the generated summaries and the cleaned HTML
documents.F1 indicates the f-measure, while R1, RL, and BS indicate Rouge 1, Rouge L, and BERTScore,
respectively.

Metric
Silver Standard Fine Tuned

Llama-3-8B Cohere 4bit Flan T5 Llama Flan T5 Cohere Gemma 2B 4bit

F1@R1 0.383 0.292 0.358 0.279 0.239
F1@RL 0.285 0.186 0.281 0.207 0.172
F1@BS 0.870 0.853 0.859 0.851 0.852
LDFS -3.032 -3.483 -3.012 -3.042 -3.112

Table 4
Results of the evaluation phase calculated between the generated summaries and the ones automatically
generated by SGS-Digicomply.F1 indicates the f-measure, while R1, RL, and BS indicate Rouge 1, Rouge
L and BERTScore, respectively.

Metric
Silver Standard Fine Tuned

Llama-3-8B Cohere 4bit Flan T5 Llama Flan T5 Cohere Gemma 2B 4bit

F1@R1 0.231 0.247 0.218 0.266 0.268
F1@RL 0.172 0.174 0.171 0.208 0.207
F1@BS 0.855 0.861 0.851 0.863 0.860
LDFS -6.470 -5.612 -6.551 -5.128 -5.650

In conclusion, we can state that the ILLMs and the consequent finetuned models achieve
good-quality summarization capabilities for the chosen metrics. Furthermore, when comparing
with the content of the HTML documents, Llama-3-8B is the best performing one, in line with its
size in terms of parameters. It is interesting to notice that Flan T5, finetuned on the summaries
generated by Llama, achieves similar results to the ones obtained by Llama while reducing the



parameter number by approximately 10.2 times.

5. Conclusions

This paper presents a new approach to the automatic summarization of regulatory documents
exploiting Istruction-tuned LLMs and finetuning conducted in the Extreme Food Risk Analytics
(EFRA) European project framework. Thanks to our collaboration with SGS-Digicomply, we
were provided with a large dataset of HTML documents containing legal text in the form of
regulations, news, and laws. In this research phase, we exploit the content of these documents,
appropriately cleaning off the noisy HTML tags, to generate two summary datasets exploiting
ILLM to finetune smaller LLMs later. We created these two datasets using the instruction-tuned
version Llama-3 with 8B parameters and CohereForAI/c4ai-command-r-v01-4bit using two
approaches to input these models. We then use the newly generated summaries as targets for
three distinct LLMs to teach them how to summarize the regulatory documents adequately. To
do so, we finetuned two versions of Flan T5, one on the summaries generated by Llama and
the other on the ones generated by the Cohere model. Finally, we finetuned a 4-bit quantized
version of the Google model Gemma with 2B parameters.

As shown in Sections 4, the results achieved when evaluating with standard metrics for the
summarization task achieve interesting scores. We achieved better scores for every model than
those calculated using manually created summaries of the regulatory documents. At the same
time, the scores achieved by the finetuned models are also comparable, if not better, than the
ones achieved by the two ILLMs.

This leaves us with good hopes for future research steps. In the following research phase, we
plan on using a pool of legal experts from the SGS Digicomply partner to manually evaluate
and label the summaries generated by the different models on the test set they provided us. In
this way, we plan to apply various techniques, such as knowledge distillation, to exploit the
newly labeled data and finetune even better models while reducing their size. Simultaneously,
we plan on applying all the state-of-the-art quantization techniques to further reduce the size
of the models while maintaining a good summarization quality.
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