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Abstract. Legislative documents present substantial obstacles to summarization due to their
complex argument structures and specialized terminology. This research investigates the appli-
cation of Large Language Models (LLMs) in summarizing Brazilian legislative proposals from the
Chamber of Deputies, examining a dataset of over 56 thousand texts from 2013 to 2023. The pa-
per explores three main summarization methodologies: extractive, abstractive, and hybrid, with
an emphasis on abstractive summarization using LLMs. The performance of the LLM LLAMA2-13b
is assessed using metrics such as ROUGE, BLEU, METEOR, BERTScore, and BERTopic, compared
against reference summaries. The results show that LLMs can generate coherent and informa-
tive summaries, with positive evaluation metric results. Notably, the study reveals that traditional
summary evaluation metrics may not be adequate for evaluating LLMs in summarization tasks. On
the other hand, metrics based on pre-trained models like BERT provide a more effective evaluation
of this innovative automatic summarization approach.
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1. Introduction

In the domain of Natural Language Processing (NLP), text summarization is the process of automatically gen-
erating a concise summary that retains the most relevant information from a longer text document, preserving
the core or key ideas from the original document (Neto et al.,[2002). The academic literature in the NLP field
identifies three main types of text summarization methods: (i) extractive, (ii) abstractive, and (iii) hybrid sum-
marization. Extractive summarization selects the most relevant sentences, phrases, or passages from the orig-
inal text to build the summary without modifying the extracted content. Abstractive summarization employs
state-of-the-art natural language processing techniques to interpret the text at a semantic level and generate
new content and sentences for the summary. These generated summaries may be fully rephrased or com-
pletely rewritten, rather than directly extracting text spans. Hybrid summarization combines techniques that
merge extractive and abstractive summarization, typically extracting key text spans from the original text and
then rewriting or enhancing them for conciseness and readability (Abualigah et al.,[2020; Egan et al,,|2022;
El-Kassas et al.,,[2021; Ermakova et al.,|2019; Liu et al.,[2022; Tas & Kiyani,|2007).

This study investigates the application of Large Language Models (LLMs) for abstractive summarization of
legislative proposals from Brazil’s Chamber of Deputies over the period from 2013 to 2023. The study uti-
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lizes a corpus (Souza, Vitério, et al.,,2021) containing over 56 thousand legislative proposal texts, complete
with textual data, metadata, and pre-generated reference summaries. Within the scope of LLMs, the LLAMA2
(refer to Section[4) model was chosen to produce an automated summary for each legislative proposal text
in the dataset. The proposed work addresses the task of summarizing legal documents, a recurrent task in
the domain of Legal Natural Language Processing (Jain et al.,[2021)). This task aims to automatically generate
concise overviews that capture the key information from lengthy and complex legal texts, such as contracts,
case law, regulatory documents, and government legislative documents. Legal summarization, as a specific
field of knowledge, poses unique challenges compared to other domains due to the specialized terminology,
complex argument structure, and the need to preserve the legal validity of summaries.

2. Related Works

2.1. Summarization in Legal Domain

In this section, we describe studies that are important for understanding the importance of summarization in
legal documents. Jain et al. provide a comprehensive state-of-the-art review that categorizes summarization
techniques along two dimensions: domain-specificity (independent vs. specific) and approach type (extrac-
tive vs. abstractive). Their analysis predominantly covers extractive methods while offering limited discussion
of abstractive summarization, despite the latter’s greater complexity and potential for legal applications (Jain
et al,|2021). Lucke et al. employed a technology-neutral methodology and multi-criteria analysis to identify
several potential Al applications within parliamentary legislative processes. Their research prioritized these
applications by relevance and significance, highlighting four key areas: intelligent scrutiny of legislative pro-
posals, machine-readable legislation conversion, smart law implementation, and Al-enhanced parliamentary
transparency (von Lucke et al.,[2022]).

Galgani et al. present a hybrid approach for legal text summarization focused on catchphrase creation for case
reports. Their evaluation compares extraction methods (rule-based, citation-based, and general-purpose)
using Rouge scores. The rule-based system achieved higher precision, while combining it with the citation-
based method improved recall without sacrificing precision (Galgani et al.,[2012). In the deep learning domain,
Anand & Wagh implemented a semi-supervised approach for legal document extractive summarization using
neural networks. They generated labeled data from reference summaries and evaluated quality through a set
of metrics against human-generated headnotes. Their model demonstrated superior performance, validating
sentence transformation effectiveness for labeled data creation (Anand & Wagh,|2022).

In the field of natural language processing for Portuguese legal documents, we refer to specific initiatives
in analyzing legislative documents for the Chamber of Deputies of Brazil (Albuquerque et al.,|2022; Souza,
Moriyama, et al,,|2021; Souza, Vitério, et al.,|2021; Vitério et al.,|2022}|2023).

2.2. Summarization with LLMs

In related literature, we highlight conversational Large Language Models (LLMs) — models specifically fine-
tuned for dialogue-based interactions — as an emerging approach for automated text summarization. The
application of these conversational LLMs to legal text summarization remains an evolving field. We believe
that the studies discussed below offer valuable methodological insights for future research in this domain.
Throughout our experimental process, we confirmed that the approaches examined in this section demon-
strate applicability to legal text summarization scenarios.

Luo et al. (Luo et al,, |2023) examined ChatGPT’s capability to evaluate factual inconsistencies in text sum-
marization using zero-shot learning, a technique where a language model performs a task without any prior
examples or task-specific training, relying solely on its pre-trained knowledge and the instructions provided
in the prompt. Their study employed various prompts for entailment inference, summary ranking, and consis-
tency rating tasks, comparing ChatGPT’s performance against established evaluation metrics across multiple
datasets. While their results demonstrated ChatGPT’s potential, they identified limitations in handling ab-
stractive summaries and prompt alignment, suggesting future research directions in prompt engineering and
alignment optimization.

In related work, Wang et al. (Wang et al.,[2023) investigated ChatGPT as an evaluation metric for Natural Lan-
guage Generation (NLG). Their experiments spanned five NLG meta-evaluation datasets, comparing ChatGPT
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with existing automatic metrics. Their findings revealed ChatGPT’s strong correlation with human judgments,
its sensitivity to prompt formulation, and the significant influence of meta-evaluation dataset creation meth-
ods on NLG metric effectiveness.

In the field of Generative Pre-trained Transformers (GPT) (Brown et al.,[2020), Goyal et al. (Goyal et al.,[2022))
examined the effectiveness of prompt-based models for text summarization, using GPT-3 as their primary
case study. Their research compared GPT-3 against both fine-tuned models and a multi-task instruction-
tuned model, employing parallel human and automatic evaluations across diverse summarization tasks. Their
findings revealed that human annotators consistently preferred GPT-3-generated summaries, which demon-
strated notable flexibility in handling tasks with varying constraints. However, they identified a significant
evaluation gap: current automatic metrics failed to accurately capture the quality and diversity of GPT-3 sum-
maries, frequently assigning them lower scores despite their superior human ratings.

3. Legislative Proposal Text Dataset

This section presents a quantitative and qualitative analysis of the corpus of legislative documents of the
Brazilian Chamber of Deputies (Souza, Vitério, et al.,|2021). The corpus comprises several types of legislative
proposals, mainly: Bill or Law Project ("Projeto de Lei” - PL), Complementary Bill or Law Project ("Projeto de Lei
Complementar” - PLC), and Constitutional Amendment Proposal ("Proposta de Emenda Constitucional” - PEC),
totaling 56,391 documents. Each document in the corpus has attributes used in this experiment: proposal
identification (author’s name, proposal date), original text of the proposal, and manually generated reference
summaries. For the experiment conducted, the summary present in the dataset is considered the reference
summary, which will be compared with the summary generated by the LLM. Other attributes were not con-
sidered in the experiment. In the experiment, the reference summaries were obtained through a process of
manual summarization, carried out by the creators of the original dataset. For examples of the structure of a
legislative proposal document, we refer to the document site of the Brazilian Chamber of Deputie

Table[I]presents a numerical description of the corpus, detailed by year, that shows the volume of proposals
generated during the period analyzed. The textual data, spanning from 2013 to 2023, show the overall vari-
ation in the number of documents per year, starting from 5,394 proposals in 2013, peaking at 6,724 in 2021,
then decreasing to 4,657 in 2022, and further to 2,389 in 2023. The average text length of analyzed docu-
ments also saw significant changes, increasing from 606 words in 2013 to 782 words in 2019, followed by an
increase to 1,057 words in 2023.

Throughout the analyzed period, the average length of the reference summaries remained stable, ranging
from 31 to 35 words. In the dataset, all reference summaries were written manually. In contrast, the average
length of summaries generated by the LLM model varied, starting at 96 words in 2013 and reaching 127 words
in 2023. This discrepancy in summary lengths is attributed to the fact that creating reference summaries is
more labor-intensive and time-consuming, as they depend on the availability of individuals to perform manual
summarization, while the automated generation of summaries using LLMs requires mainly computational
resources. This shows the model’s capability to understand the text semantically in greater depth and provide
longer and more elaborate summaries.

4. Experiments

4.1. Documents Preprocessing

For the preprocessing stage of the proposal texts and summaries, it was necessary to develop a pipeline for
text cleaning to make them suitable for summarization tasks. In summary, the steps adopted in the study
were: (i) analyzing the text to remove punctuation, line breaks, and unnecessary spacing; (ii) removing mean-
ingless words and special characters; and (iii) sentence segmentation and tokenizing words from reference
summaries for use with evaluation metrics.

Thttps://www2.camara.leg br/a-camara/programas-institucionais/experiencias-presenciais/parlamentojovem/sou-
estudante/material-de-apoio-para-estudantes/modelo-de-projeto-de-lei
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Tab. 1 - Annual statistics of Brazilian legislative proposals (2013-2023). The table presents yearly docu-
ment counts, average proposal length (in words), and summary length comparison between human-
generated reference summaries and LLM-generated summaries. Note the consistent discrepancy be-
tween reference and LLM summary lengths across all years.

Documents Avg. Summary Length (words)
Year Document Count Avg. Length | Reference LLM
2023 2,389 1,057.0 35.0 127.0
2022 4,657 928.5 35.1 110.5
2021 6,724 899.7 33.3 109.5
2020 6,666 986.2 34.7 117.6
2019 8,257 782.6 31.2 106.3
2018 3,116 835.2 33.3 103.6
2017 5,336 738.6 31.2 102.8
2016 4,090 804.8 30.8 103.5
2015 7,156 768.4 317 105.3
2014 2,606 773.1 31.7 103.2
2013 5,394 606.2 31.3 96.9

4.2. LLM and Prompt Engineering

The LLAMA2-13b modeﬂ a cutting-edge language model by Meta, was selected for the experiments (Touvron
et al,[2023). As a member of the LLAMA2 family, it is one of several generative text models pre-trained and
fine-tuned with parameters ranging from 7 billion to 70 billion.

The LLAMA2-13b model was chosen due to its optimal balance of cost and performance, as these models
are known for their computational intensity and expense. This auto-regressive language model utilizes an
optimized transformer architecture and has been fine-tuned through supervised fine-tuning and reinforce-
ment learning with human feedback (RLHF) (Christiano et al.,[2017)), ensuring alignment with human prefer-
ences for helpfulness and safety. For the experiments, the LLAMA2-13b model was deployed in its dialogue-
optimized format on the Huggingface platformﬂ

Figure [T]illustrates the text summarization process using the LLAMA2-13b model. The summarization flow
begins with two initial inputs: the original "Document” to be summarized and a "Reference Summary” that
serves as a quality benchmark for the generated summary. The "Text Preprocessing” stage represents an in-
termediate step where the original document undergoes processing to eliminate unnecessary information,
normalize the text, and prepare it for the summarization model. At the "Large Language Model” stage, a zero-
shot prompt is provided to summarize the text. The "Input” and "Output” components indicate the language
model’s processing flow: the "Preprocessed Text” resulting from the text preprocessing step serves as input,
while the "Summary” represents the final summarized text output.

For generating summaries with the LLAMA2-13b model, we employed specific parameters empirically de-
termined through iterative experimentation until summary generation achieved reasonable adequacy: (i)
temperature = 0.01, the lowest possible value to prevent model hallucination (Rawte et al.,, [2023)); (ii)
truncate = 4,096, to avoid processing texts with character counts exceeding this established threshold; and
(iii) mazx_new_tokens = 500 as the maximum number of tokens to be generated in the summary.

5. Main Results

This section presents the outcomes of the metrics outlined in Section[1} providing both quantitative and quali-
tative evaluations divided into two assessment categories. In the first stage, we analyze the ROUGE, BLEU, and
METEOR metrics that evaluate results at a syntactic level, analyzing words or sentences. In the second stage,
we employ BERTScore and BERTopic metrics that leverage pretrained language models based on the BERT
architecture for semantic-level text analysis, utilizing multilingual BERT models pretrained for Portuguese
language analysis.

Zhttps://ai.meta.com/llama/
3https://huggingface.co/blog/llama2
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PROMPT (zero-shot e.g): Summarize the

following text. Return your answer in a single

paragraph covering the main points from the
Document original text.

Text Preprocessing

Large Language Model

Reference Summary

Fig. 1 - Text summarization pipeline architecture using a Large Language Model. The flowchart illustrates the
complete process: (1) initial inputs consisting of the original document and its reference summary;
(2) text preprocessing phase that normalizes and prepares the document for summarization; (3) the
Large Language Model component featuring a zero-shot prompt, with clearly defined input (prepro-
cessed document) and output (generated summary) pathways. The reference summary serves as an
evaluation benchmark though this comparison is not explicitly shown in the diagram. This architec-
ture was implemented using LLAMA2? as the underlying language model.

5.1. Structural Level Evaluation

This proposal utilized a set of ROUGE metrics (Lin,|2004) to evaluate lexical overlap between LLM-generated
and reference summaries. Specifically, ROUGE-1 and ROUGE-2 measure unigram and bigram overlap respec-
tively, while ROUGE-L assesses the longest common subsequence. An n-gram is a contiguous sequence of n
items (typically words or characters) from a text, used as a basic unit of analysis in natural language processing
to evaluate textual overlap in metrics such as ROUGE-1 and ROUGE-2 in summary quality evaluation.

The ROUGE metrics analysis reveals a consistent downward trend in LLM summarization performance over
the 2013-2023 period, with all three measures (Unigram, Bigram, and L-score) showing peak values in 2013
(0.399, 0.319, and 0.346 respectively) and lowest values in 2023 (0.336, 0.260, and 0.290), representing a
decline. All scores remained relatively low (below 0.4), which may reflect the considerable length disparity
between reference summaries (31-35 words) and LLM-generated summaries (96-127 words) rather than ac-
tual quality deficiencies. The parallel patterns across all three metrics suggest that lexical overlap at different
granularities is similarly affected by underlying factors such as increasing document complexity (606 words
in 2013 to 1,057 words in 2023). These findings underscore the limitations of using lexical-based evaluation
metrics for abstractive summarization tasks, particularly as legislative language evolves over time.

The Bilingual Evaluation Understudy (BLEU) (Lin & Och, |2004; Papineni et al, [2002) is a metric that was
initially developed for the purpose of evaluating machine translation systems by comparing candidate trans-
lations to reference translations. Furthermore, it has gained relevance in other natural language processing
tasks like assessing text summarization systems.

The BLEU score analysis for summarization reveals a consistent temporal decline from 2013 (0.173) to 2023
(0.140), representing a performance decrease. Despite minor fluctuations in 2018 (0.158) and 2021 (0.164),
all scores remain notably low (below 0.18), with a year average of 0.149. This pattern parallels the increasing
document length (606.2 to 1,057 words) over the same period, suggesting a potential correlation between
source complexity and summarization difficulty. The substantial length disparity between reference (31-35
words) and LLM-generated summaries (96-127 words) further complicates interpretation, as BLEU primar-
ily measures lexical precision without capturing semantic equivalence. These findings align with the study’s
position that traditional n-gram overlap metrics have inherent limitations for evaluating domain-specific ab-
stractive summarization. LLMs may be predisposed to producing more verbose summaries than what human
preferences might dictate. This observation suggests a promising avenue for future research, particularly in
the realm of prompt engineering for summarization tasks. Notably, there exists a strong correlation (R=0.96)
between the lengths of summaries generated by LLAMA?2 and those of manual reference summaries. As the
length of reference summaries increases, the model tends to generate proportionally longer summaries.
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Tab. 2 - The table displays the evaluation results of the ROUGE, BLEU, and METEOR metrics. The "Year” column
specifies the year of the text subset. The "Unigram score” and "Bigram score” columns represent the
ROUGE metric values, calculated using unigram (1-gram) and bigram (2-gram) respectively, by com-
paring the generated summary with the reference summary. The "L-score” column shows the ROUGE
metric value based on the Longest Common Subsequence, again comparing the generated summary
with the reference summary. The "BLEU score” and "METEOR score” columns present the results for
these two metrics.

Year : RQUGE BLEU-score | METEOR-score
Unigram-score Bigram-score L-score
2023 0.336 0.260 0.290 0.140 0.459
2022 0.369 0.283 0.313 0.150 0.475
2021 0.384 0.305 0.330 0.164 0.500
2020 0.352 0.271 0.305 0.150 0.463
2019 0.360 0.279 0.311 0.150 0.473
2018 0.379 0.292 0.326 0.158 0.479
2017 0.360 0.275 0.304 0.145 0.466
2016 0.352 0.265 0.300 0.145 0.459
2015 0.348 0.258 0.293 0.142 0.452
2014 0.371 0.284 0.317 0.152 0.475
2013 0.399 0.319 0.346 0.173 0.511

METEOR (Metric for Evaluation of Translation with Explicit Ordering) (Banerjee & Lavie, |2005) is a metric
initially developed for machine translation evaluation that has since been widely adopted for summarization
assessment. METEOR evaluates similarity between generated and reference summaries by conducting recall
analysis at multiple linguistic levels: exact matching, stem matching, synonym alignment, and paraphrase
correspondence. In its scoring algorithm, METEOR assigns higher weights to exact token matches than to
stems and synonyms, prioritizing precision in word choice over semantic approximations.

The METEOR evaluation shows scores ranging from 0.452 (2015) t0 0.511 (2013), with a mean 0of 0.474 across
the. Unlike the consistently declining pattern in ROUGE and BLEU metrics, METEOR exhibits more fluctuation,
with a secondary peakin 2021 (0.500) before dropping to 0.459 in 2023. METEOR scores substantially outper-
form BLEU scores across all years, reflecting its design to capture semantic similarity through exact matches,
stems, synonyms, and paraphrases rather than strict n-gram correspondence. The moderate absolute perfor-
mance (scores 0.5) indicates that generated summaries capture approximately half of the reference content
when accounting for lexical variations. This relatively stronger METEOR performance suggests LLMs pro-
duces summaries that maintain semantic fidelity despite using different terminology than human references.
The overall temporal decline correlates with increasing document complexity, suggesting potential challenges
in maintaining semantic precision as legislative texts grow more elaborate.

5.2. Semantic Level Evaluation

BERTScore (Zhang et al,, |2020)) was utilized to evaluate the summarization task, providing an assessment
of the quality of generated summaries compared to reference summaries. As an automatic metric for text
generation, BERTScore calculates a similarity score for each token in the candidate sentence against each
token in the reference sentence. This calculation is performed using pre-trained contextual embeddings from
BERT models, matching words in both sentences through cosine similarity. The implementation of BERTScore
facilitates a comprehensive evaluation of summary quality by capturing semantic relationships beyond lexical
overlap, ensuring that generated summaries are accurately compared to their reference counterparts.

BERTScore F1 values above 0.7 generally indicate strong semantic alignment. The range of 0.730-0.757 sug-
gests that LLAMAZ2-13b produces summaries that capture approximately 73-76% of the semantic content in
reference summaries—a reasonably strong performance. These scores significantly outperform the syntactic
metrics as ROUGE and BLEU, highlighting BERTScore’s ability to capture semantic rather than lexical simi-
larity, which is particularly important for abstractive summarization. The consistently higher recall versus
precision aligns with the observation that LLM summaries are longer than reference summaries. The model
effectively captures the reference content but adds supplementary information. The declining trend correlates
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with increasing document complexity (606 to 1,057 words), suggesting that maintaining semantic precision
becomes more challenging as legislative texts grow more elaborate.

Overall, these results indicate good semantic alignment between LLM-generated and reference summaries,
especially considering the inherent challenges of legal text summarization. The high recall values demon-
strate the model’s ability to identify and incorporate key semantic elements, though the precision gap reveals
opportunities for generating more focused summaries. The relatively small variation in F1 scores suggests
consistent performance despite increasing document complexity over the years.

Tab. 3 - BERTScore semantic evaluation of LLAMA2-13b generated summaries. The table presents yearly se-
mantic similarity metrics between model-generated and human reference summaries. Precision mea-
sures how much of the generated content is relevant, Recall quantifies how much of the reference
content is captured, and F1-score represents their harmonic mean.

Year Precision Recall Fl-score
2023 0.678 0.800 0.730
2022 0.693 0.813 0.747
2021 0.697 0.815 0.750
2020 0.685 0.804 0.739
2019 0.687 0.808 0.742
2018 0.694 0.802 0.743
2017 0.688 0.803 0.740
2016 0.684 0.798 0.735
2015 0.685 0.795 0.735
2014 0.694 0.806 0.745
2013 0.705 0.820 0.757

BERTopic is a topic modeling technique (Grootendorst,[2022)) that utilizes pretrained BERT embeddings and
class-based TF-IDF (c-TF-IDF) to generate interpretable topics and clusters from text. For this experiment,
we generated topics for each reference summary (manually created), for summaries produced by the LLM
model, and finally, for all topics present in the original text. The objective of this evaluation was to compare
the capacity of each summary type to present the same topics identified in the original texts. Through this
comparison, we aimed to determine which summary better represents the original text’s information: the
manual summary or the LLM-generated summary.

The results in Table[4]reveal that BERTopic produces topics that are on par with or superior to human refer-
ence summaries in a substantial number of cases, confirming its potential as an unsupervised topic modeling
technique that leverages pretrained transformer models. The combined "LLM Wins + Tie” rate consistently
exceeds 80% across all years, indicating that LLAMA2 summaries rarely perform substantially worse than
human-crafted summaries in capturing topic alignment. For an unsupervised approach competing against
human experts in a specialized domain (legislative texts), winning several of direct comparisons while main-
taining topic parity in approximately almost of cases represents notable performance. The high tie percentage
suggests that LLAMA? has effectively learned to identify the most significant topics in legislative documents,
which is particularly valuable for practical applications in legal information processing.

6. Conclusion

This research investigated the application of Large Language Models (LLMs) for abstractive summarization of
Brazilian legislative proposals, examining a comprehensive dataset of over 56,000 texts spanning from 2013 to
2023. The study evaluated the performance of LLAMA2-13b in generating concise and informative summaries
of complex legal documents, comparing them against human-created reference summaries using multiple
evaluation metrics. The analysis presented provides insights into the capabilities and limitations of LLMs for
summarizing legislative documents, particularly Brazilian legislative proposals. The research demonstrates
that LLMs can effectively generate coherent and informative summaries of complex legal texts, though with
varying degrees of alignment with human-crafted reference summaries depending on the evaluation metric
employed.

Our investigation into traditional structural-based metrics such as ROUGE, BLEU, and METEOR revealed sig-
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Tab. 4 - BERTopic semantic alignment comparison between reference and LLAMA2-13b generated sum-
maries. The table presents the yearly distribution of topic modeling results using pretrained BERT
embeddings and class-based TF-IDF (c-TF-IDF). "Ref. Wins” indicates cases where human-generated
reference summaries exhibit stronger topic alignment with original legislative texts. "LLM Wins” rep-
resents instances where LLM summaries demonstrate superior topic correspondence. "Tie” shows
the percentage of documents where both summary types maintain equivalent topic representation.
Note the consistently high tie percentage (65.3%-74.2%) across all years, suggesting comparable se-
mantic performance between human and Al-generated summaries.

Year Ref. Wins LLM Wins Tie

2023 20.8% 17.1% 69.7%
2022 22.6% 13.6% 74.2%
2021 19.5% 15.7% 67.6%
2020 21.5% 18.7% 65.3%
2019 20.3% 16.6% 69.4%
2018 20.7% 16.9% 69.1%
2017 16.1% 13.8% 72.7%
2016 19.2% 15.5% 65.7%
2015 19.3% 18.2% 69.8%
2014 19.3% 15.5% 71.8%
2013 16.1% 13.3% 73.6%

nificant limitations in their applicability to abstractive summarization evaluation. These metrics consistently
showed declining performance trends from 2013 to 2023, with ROUGE scores dropping from peaks of 0.399,
0.319,and 0.346 (Unigram, Bigram, and L-score respectively) in 2013 to 0.336, 0.260, and 0.290 in 2023. Simi-
larly, BLEU scores decreased from 0.173 to 0.140, and METEOR from 0.511 to 0.459 over the same period. This
decline correlates with the increasing complexity of legislative documents. However, the low performance on
these traditional metrics appears to be significantly influenced by the substantial length disparity between
reference summaries and LLM-generated summaries rather than actual quality deficiencies. This observa-
tion highlights a crucial limitation of lexical overlap-based evaluation for abstractive summarization, where
semantic equivalence may exist without exact wording matches.

In contrast, semantic-based evaluation metrics provided more promising results. BERTScore analysis demon-
strated strong semantic alignment between LLM-generated and reference summaries. The consistently higher
recall versus precision values confirm that while LLM summaries effectively capture reference content, they
tend to include additional information. This aligns with our observation regarding summary length differ-
ences and suggests that LLMs maintain good semantic fidelity despite using different terminology than human
references. Perhaps most interestingly, the BERTopic analysis revealed that LLAMA2-13b generated sum-
maries that were on par with or superior to human reference summaries in a substantial number of cases.
The combined "LLM Wins + Tie” rate consistently exceeded 80% across all years, with high tie percentages.
This indicates that the LLM can effectively identify and represent the most significant topics in legislative doc-
uments, which is particularly valuable for practical applications in legal information processing.

These findings position LLMs as efficient options for summarizing legal documents, with no significant differ-
ence between manually and automatically generated summaries in terms of topic representation. However,
challenges remain in addressing the complexity of legal terminology and argumentative structures, and in
developing evaluation methodologies that adequately assess semantic understanding and preservation of le-
gal validity in generated summaries. Future work should focus on refining prompt engineering techniques
to generate more concise summaries that better align with human preferences while maintaining semantic
comprehensiveness. Additionally, developing specialized evaluation metrics for legal text summarization that
account for domain-specific requirements would enhance the assessment of LLM performance in this context.
Finally, exploring fine-tuning approaches specific to legislative documents could potentially improve summa-
rization quality and address the observed performance variations over time.

In conclusion, this study demonstrates the promising potential of LLMs for legislative document summariza-
tion while highlighting the importance of semantic-level evaluation metrics in accurately assessing their per-
formance. The results provide a foundation for further research into optimizing LLM applications in legal and
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governmental domains where efficient information processing is increasingly crucial.
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