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Abstract The volume of legal proceedings in Brazil has grown significantly in recent years, highlighting the potential
for leveraging advances in Natural Language Processing (NLP) to automate tasks in the legal domain. This study
explores text decoding methods for automating keyphrase generation—sequences of key terms that summarize legal
documents. A sequence-to-sequence Transformer-based framework generates keyphrases using three decoding
techniques: greedy, top-K, and top-p sampling. To evaluate the effectiveness of the generated keyphrases, we
integrate them into legal document retrieval tasks using traditional Information Retrieval (IR) methods, such as
TF-IDF and BM25. Our results, validated through IR metrics, demonstrate that greedy decoding produces high-
quality keyphrases that closely align with those written by human specialists, achieving statistically significant
improvements in retrieval performance. As part of this study, we introduce a new data set of Brazilian legal
documents, including dates and pre-processed keyphrases, which allows reproducibility and supports further research

on keyphrase generation and legal document retrieval tasks.
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1 Introduction

Brazilian judicial system has three instances of jurisdiction,
guaranteeing the decision review Perlingeiro and Schmidt
[2023]. The first instance is where most cases begin, with
judges analyzing the evidence and issuing the initial sentence.
The second instance, comprised of state courts of justice,
reviews decisions rendered by the first instance courts. Mean-
while, the third instance is represented by the Superior Court
of Justice, which standardizes case law and analyzes federal
legal questions. The Supreme Federal Court, as the highest
court in the country, adjudicates special appeals and constitu-
tional matters Pacheco [2008].

In this context, the third instance is central as a pillar for
the support of precedents. By issuing definitive decisions,
for binding precedents that guide the application of the law
throughout the national territory, its normative function is
fundamental for the unification of jurisprudence, because
these decisions are used to base other cases Tinarrage et al.
[2024].

ST1J is organized into three specialized sections, each with
distinct areas of jurisdiction. The First Section handles public
Law, including administrative, social security, and tax law,
dealing primarily with state and public administration issues.
The second Section is focused on private Law, covering civil,
commercial, and family law, and addresses disputes between
private parties and issues concerning contracts, obligations,
and civil liability. The Third Section specializes in Criminal
Law, overseeing criminal cases such as habeas corpus and
criminal review Perlingeiro and Schmidt [2023].

Figure 1 shows the stages of legal proceedings at STJ.

The initial processing takes place with the receipt and filing
of the case, those originating from other courts or tribunals.
Next, screening is a step in which one analyzes if the process
will be sent to judgment or immediately rejected. When the
process is accepted it is distributed and the judgment process
starts. The judgment step can produce interlocutory decisions,
preliminary injunctions, and sentences. These decisions are
published and stay subject to appeal, which is a step of the
reply’s first decision. Finally, a single judge or a collegiate
can decide the final judgment.

Understanding the different types of documents generated
in a legal proceeding is essential for finding precedents, as
some decisions and documents carry less weight than others.
For example, motions for clarification typically do not have
a binding effect but rather serve to guide the specific case in
which they were issued, as they are meant to clarify a previous
ruling Pacheco [2008].

However, based on data from the National Council of Jus-
tice - Conselho Nacional de Justica (CNJ) Conselho Na-
cional de Justiga - CNJ [23], there were 84 million cases
in transit in the Brazilian judiciary at the end of 2024, indi-
cating a 10% increase from the previous year. Besides this,
Supremo Tribunal de Justica (STJ) registered a 5 % growth
in received processes in the first semester of 2024 Superior
Tribunal de Justica [2024].

Because of the number of cases, finding relevant proceed-
ings and judgment patterns is hard and time-consuming work
for lawyers. In this context, retrieval information systems
have a main role, in providing relevant proceedings. The
important part of the text to provide relevant proceedings
is the dockets, which consist of a special part of a decision
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Figure 1. Stages of Legal Proceedings on STJ.

document, that aims to summarize a legal case. They are
used in courts around Brazil and are designed to provide a
summarised representation of judicial decisions. Figure 2
presents an example of a docket.

PROCESSUAL CIVIL. AGRAVO EM RECURSO ESPECIAL.
ACORDAO RECORRIDO. FUNDAMENTACAO CONSTITUCIONAL.
REVISAQ. IMPOSSIBILIDADE.

1. A luz do art. 105, 111, da Constituigio Federal, o recurso especial ndo serve a
revisdo da fundamentagio constitucional.

2. Na hipétese dos autos, o acoérddo a quo foi proferido com fundamento
constitucional, uma vez que aponta na dire¢do da violagdo pela lei estadual da
proibigao do efeito confiscatorio da multa tributaria e da proporcionalidade da
penalidade (art. 150, IV, da CF).

3. Agravo interno desprovido.

Figure 2. Example of a docket. Keyphrases are highlighted in bold text.

The dockets usually follow a pre-defined structure com-
posed of two components: keyphrases and enumerated para-
graphs. The keyphrases consist of a header present at the
beginning of the docket. They are composed of sequences of
capitalised key terms that highlight the key subjects present
in the decision document. Note that each keyphrase contains
one or more sentences, listing the key subjects of the docket.
This header is created to improve the search and retrieval of
jurisprudences (precedents) Guimaraes and Santos [2016].
The enumerated paragraphs discuss the themes (or topics)
present in the document.

Besides, certain types of judicial decisions and procedural
documents often do not include dockets, as this synthesizes
the key aspects of decisions of greater legal relevance. Ex-
amples include administrative orders, simple interlocutory
decisions, requests for case review, and internal communi-
cations, which address procedural or administrative matters
without directly impacting the case’s merits. Similarly, ex-
trajudicial settlements and legal opinions typically do not
contain a summary, as their content focuses on the parties’
agreement or the legal analysis provided, thus not requiring a
formal synthesis of the points discussed.

Then, by analyzing the form and linguistic style found in
the keyphrases, it is possible to note similarities between the
writing of keyphrases and two Natural Language Processing
(NLP) tasks: summarization and key terms extraction. How-

ever, keyphrases are not written fluidly and naturally such
as summaries. In addition, most of the terms appearing in
their text are not present in the remainder of the docket which
originated the keyphrase, which makes it difficult to treat its
writing as an extractive task.

Given the predictable structure and availability of dockets,
it would be possible to prepare input-output pairs to generate
keyphrases using the enumerated paragraphs as inputs, by
employing a supervised approach. Transformers, such as
GPT Radford et al. [2019], were already proven effective in
various text-to-text generative Natural Language Processing
(NLP) tasks Floridi and Chiriatti [2020] (such as translation,
question answering and summarization). Also, the availability
of pre-trained language models Carmo ef al. [2020]; Scao et al.
[2022]; Zhang et al. [2022] presents many opportunities to
automate NLP tasks.

In our previous work Sakiyama et al. [2023a], we investi-
gated the usage of state-of-the-art generative Transformers
to automate the writing of keyphrases. Specifically, we ana-
lyzed text decoding methods to generate keyphrases that aid
retrieval in the legal domain. This study was unprecedented
in Brazil and can be widely used to automate keyphrase gen-
eration in courts in the country.

In this work, we extend the previous work, presenting a
qualitative analysis and discussion of the used data (dockets)
and further discussing the experiments that exemplify the
usage Transformers to automate the writing of keyphrases. In
addition, we provide the dockets corpus used for our analysis
as a public dataset, aiming to encourage further research.

The main contributions of this work are:

1. Investigation of a novel approach to generate keyphrases
from Brazilian dockets, using a sequence-to-sequence
Transformer;

2. Comparison of three different text decoding methods for
the proposed task (greedy and sampling methods);

3. Provide the quantitative and qualitative analysis of the
generated keyphrases;

4. We provide a dataset, enabling reproducibility and fur-
ther analysis.

This paper is organized as follows. Section 2 presents
related works. Section 3 discussed the methodology applied
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for the keyphrase generation. Next, Section 4 presents the
experiments performed and discusses the obtained results.
Finally, Section 5, presents conclusions and future works.

2 Related Works

In this Section, we will present studies related to the main
objectives of this proposal. The Transformer Vaswani et al.
[2017] consists of a deep neural network architecture that
achieved the state of the art in several NLP tasks. It consists
of an encoder-decoder architecture used originally for transla-
tion. However, the context-aware representations generated
by the model can be used in diverse tasks.

Following the success of the Generative Pretrained Trans-
formers (GPT) models Radford et al. [2019]; Zhang et al.
[2022]; Scao et al. [2022], there is a predominance of decoder-
only models in NLP tasks that can be approached as text gener-
ation (such as question answering and summarization) Floridi
and Chiriatti [2020]. In addition, recent studies showed the
great potential in using such models in zero and few-shot
scenarios Brown et al. [2020]. Other studies Raffel et al.
[2020]; Xue et al. [2020] investigate text generation using
the full Transformer architecture (encoder-decoder) for some
NLP tasks. The T5Raffel et al. [2020] Transformer proposes
the unification of a series of NLP tasks in a single text-to-
text framework and Xueet al. Xue et al. [2020] expanded the
original work to add multilingual support.

Although the presented Transformer approaches for text
generation are different in terms of the architecture and scale
(number of parameters), they all deal with common issues
concerning the quality of the artificially generated text. Gen-
erated texts are often simplistic, inconsistent, or end up being
repetitive Holtzman et al. [2019]. There is also the possibility
of hallucination, generating contradictory texts, meaningless
and without foundation or evidence Ji ef al. [2022].

In order to mitigate the challenges (repetitive and pre-
dictable texts), there were initiatives aimed at making text
generation non-deterministic Holtzman et al. [2019]; Fan et al.
[2018]. Such proposals arise as an alternative to simpler text
generation methods (also called greedy decoding), arguing
that choosing most probable words (or tokens) is one of the
main causes of repetitive texts.

Another example of a study aimed at mitigating repetitive
texts is the work from Suet al. Su et al. [2022]. Proposed in
2022, the contrastive-search consists of a modification in the
choosing words (or tokens) predicted by a textual generator,
which aims to increase the variability of the text while main-
taining its coherence. For this purpose, the authors suggest
penalizing, during decoding or the language unsupervised
model training, the softmax function scores of the most likely
tokens by their similarity to other tokens within the context.
The importance given to the similarity is controlled by a pa-
rameter alpha.

At last, we will present examples of studies employing
Transformers to generate text in the legal domain. Keyphrases
such as the ones used in this work are exclusive to Brazil, and
in the best of our knowledge, this is the first depth study of
decoding methods for Brazilian keyphrase generation. Feijo
and Moreira Feijo and Moreira [2019] and Yoon et al. Yoon
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et al. [2022] applied Transformer models to summarise rul-
ings from the Brazilian Supreme Court and Korean legal
cases, respectively. Pericet al. Peric et al. [2020] proposed
Transformer models to generate opinions about legal cases
originating in the U.S Circuit Court, by employing an encoder-
decoder architecture.

Huanget al. Huang et al. [2021] proposed a solution to auto-
mate the Legal Judgment Prediction (PJL) subtasks using the
TS5 text-to-text framework. At last, Althammeret al. Altham-
mer et al. [2021] investigated the use of summaries (generated
by Transformer) as part of an information retrieval pipeline
for the legal domain as part of the 2021 Competition on Legal
Information Extraction/Entailment (COLIEE).

3 Methodology

The methodology used in this work is composed of: I) Data
Collection and Preprocessing, II) Keyphrase Generator Train-
ing, IIT) Decoding Methods Evaluation, and IV) Qualitative
Analysis. We discuss these components below. Figure 3
illustrates these key stages of our methodology.

¥ =% B

1) Data Collection Il) Data 1y Text V) IR
Preprocessing Generation Evaluation
Training

Figure 3. Overview of the keyphrase generation and evaluation pipeline.

3.1 Data Collection and Preprocessing

In 2022, the Brazilian Supremo Tribunal de Justi¢a (STJ) -
Supreme Court of Justice made available the Dados Abertos
! platform. The platform consists of a public website, sharing
legal decisions from various courts in Brazil. The published
documents comprise a large variety of topics in Brazil’s legal
domain, such as crimes in general, commerce, taxes, etc. We
collected a total of 712,161 documents from the platform in
August 2022.

After the data collection, we extracted the dockets from
the document’s metadata and preprocessed the text of the
decisions. We removed duplicated examples and removed
URLSs from the text. 111,964 dockets remained after the
preprocessing described. This amount is justified, because
most of the decisions do not have summary statements, such
as monocratic decisions, that is, those issued by a single judge.
With the remaining examples, we extracted the keyphrases
and enumerated paragraphs from the dockets, identifying and
extracting capitalized sentences present in the header of the
collected decisions. By extracting the inputs (enumerated
paragraphs) and expected outputs (keyphrases), the original
keyphrases (written by specialists) compose the reference set
used for supervised training and evaluation.

To gain an initial qualitative insight into the lexical compo-
sition of the dataset, we generated a word cloud of the most
frequent keyphrases, as shown in Figure 4. This visualiza-
tion highlights recurring legal expressions such as agravo

'https://dadosabertos.web.stj.jus.br/
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Figure 4. Word cloud illustrating the most frequent keyphrases extracted from the dataset. Larger font sizes indicate higher frequency.

interno, embargos de declaragdo, prisdo em flagrante, and
recurso especial, which are central to the procedural language
of Brazilian legal documents. The prominence of these terms
reflects their institutionalized role in summarizing court de-
cisions and categorizing case types. These expressions are
handy because they correspond to formal document categories
and often appear in the docket headers, functioning as stan-
dardized descriptors that enhance legal context recognition
and facilitate information retrieval.

As shown in Figure 5, the ranked frequencies of keyphrases
follow a Zipfian distribution Zipf [1949], with a power-law
exponent v &~ 2.22, consistent with known patterns in natural
language corpora Piantadosi [2014]; Li [2002]. The power-
law exponent v was estimated using Maximum Likelihood
Estimation (MLE) over the tail of the distribution, consid-
ering only keyphrases with frequency greater than or equal
to a minimum threshold z,;,, = 10, following the method
proposed by Clauset et al. [2009].

This statistical regularity suggests that the dataset exhibits
the typical long-tailed behavior expected in linguistic re-
sources, where a few terms dominate in frequency while
many others occur rarely. Rather than the presence of highly
frequent keyphrases, the use of standardized legal terminol-
ogy that ensures consistency and clarity across judicial doc-
uments reflects the use of standardized terminology. This
reinforces the observation that legal keyphrases are not only
semantically standardized but also structurally concentrated,
facilitating categorization and retrieval in legal information
systems Saravanan et al. [2009a,b]; Schweighofer [2010].

Figure 6 (a) shows some descriptive analyses of the docu-
ments that remained after filtering. It is observed that most of
the documents are from the years 2019 to 2024. In addition,
we can see that the group decisions sections are balanced in
these years. Figure 6 (c) presents a cumulative graph where
we can see that approximately 60 % of documents are inter-
locutory decisions, and when we compare this information

with the graph (d), it is noted that interlocutory decisions have
a mean length of all dockets. Another distribution visualiza-
tion is seen in Figure (e), the boxplots display the distribution
of docket lengths across types of appeals, highlighting dif-
ferences in median, interquartile range, and outliers for each
category. Special appeals and habeas corpus cases stand out
with the highest median lengths and substantial variability,
indicating that these cases often involve more intricate legal
issues or require extensive deliberation, leading to prolonged
case handling.

Finally, the last graph demonstrates that most decisions
have less than 8 keyword phrases in a docket, besides all
kinds of appeals showing outliers in the number of cases.
These counts reveal that besides the length of the sentence,
the number of phrase keywords is in a similar number. With
these analyses, the results presented throughout this paper
can be more clear to understand.

As a final preprocessing step, we divided the corpus
(111,964 examples) into training (70%), validation (10%),
and test (20%) splits. From the training set examples, we
observed that enumerated paragraphs and keyphrases have
a mean of 203.26 and 55.84 space-separated tokens, respec-
tively. We used the splits to train and evaluate a supervised
Deep Learning text generator. The dataset used in this work
is publicly available on Hugging Face 2.

documents comprise a large variety of topics in Brazil’s
legal

3.2 Keyphrase Generation

This section describes the methodology employed for
keyphrase training and generation.

’https://huggingface.co/datasets/bfunicheli/stj_
docket_generation
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Figure 5. Log-log plot of the keyphrase frequency distribution in the dataset. The orange line represents the empirical frequency of the most common
keyphrases, plotted against their rank. The shaded blue bars show the same data as a histogram, helping to visualize the relative density across ranks. The
dashed green line corresponds to the Zipfian maximum likelihood estimation (MLE) with a power-law exponent y =~ 2.22, indicating that the data follows a
typical long-tailed distribution. The dashed gray line shows a linear regression in log-log space, which approximates the tail behavior but tends to underestimate
the head. Finally, the purple line displays a simulated distribution generated from a power-law model with the same estimated exponent (y = 2.22), validating
the fit visually. Taken together, these elements suggest that keyphrase frequencies follow a Zipf-like distribution, which is characteristic of natural language

corpora.

3.2.1 Transformers for text generation

Based on the dockets collected, we noted that most of the
terms in the keyphrases are not directly present in the dockets.
By further analyzing examples from the validation set, we
noted that only ~ 10% of the terms present in the keyphrases
are, in fact, present in the input text. Thus, we decided to
approach writing keyphrases as generation rather than extrac-
tion of text. For this purpose, a sequence-to-sequence (or
text-to-text) Transformer model was chosen.

We choose PTTS Carmo et al. [2020] as our keyphrase gen-
erator. PTTS was pretrained in a large Brazilian Portuguese
corpus (brWaC Wagner Filho et al. [2018]) with 2.7 billion
tokens and the base version of the model (220M parameters)
was used in our experiments. In a previous work Sakiyama
et al. [2023b], we experimented with other state-of-the-art
multilingual generative Transformer models (mT5 Xue ef al.
[2020], BLOOM Scao et al. [2022] and OPT Zhang ef al.
[2022]), but the Portuguese model (PTTS) performed better.
Previous works Carmo et al. [2020]; Souza et al. [2020]; Rosa
et al. [2021a] observed that models pretrained for the task
language tend to outperform multilingual models on the same
tasks, and the same trend was observed in our experiments.

3.2.2 Training details

We fixed the input (enumerated paragraphs) and output
(keyphrases) sizes to 512 and 256 sentence-piece tokens,
respectively. We padded shorter sequences of tokens and
truncated longer sequences (to the maximum length). We
fine-tuned the method PTTS5 using a fixed learning rate of
1 x 1073, batch size equal to 256 and 20 maximum training
epochs.

For the sequence-to-sequence training, the cross-entropy
loss function was adopted. The BLEU score Post [2018] met-
ric was considered to evaluate the text generation quality. The
metric was chosen because it serves the purpose of estimat-
ing the quality of the generated text and is highly correlated
with human evaluations Papineni et al. [2002]. Note that
ROUGE Lin [2004] could also be used for similar reasons.
Furthermore, we chose not to evaluate metrics based on pre-
trained models, such as BERTScore Zhang et al. [2019]. Due
to time constraints, we considered it more appropriate (and
practical) to adopt an evaluation metric that does not rely on
a pre-trained language model.

We used early-stopping during training, monitoring the
BLEU metric in the validation set. The training process is
stopped after two epochs without improving the BLEU score.
For evaluation, we repeated the training process with five dif-
ferent seeds (1000, 2000, 3000, 4000 and 5000) and obtained
a 37.254 + 0.783 BLEU score. The best model achieved
38.607 BLEU on the test set. The fine-tuning was done using
the HuggingFace® library, and a Tesla P100 GPU with 16
GB VRAM.

Figure 7 shows the train and validation losses for the best
execution of the PTTS model in addition to the validation
BLEU scores. The model was trained for 17 epochs, totaling
5219 iterations.

3.3 Decoding Methods Evaluation

For the evaluation of the generated text and to compare
the decoding methods, we have concatenated the generated
keyphrases to their original document and used a real use case

Jhuggingface.co/
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of retrieval to extract IR metrics. We opted to use an IR task
to evaluate the generated keyphrases (created using different

decoding methods) to evaluate them in their intended use:

improving retrieval tasks. The details of the evaluations will
be presented as follows.

3.3.1 Decoding Methods

Decoding techniques are used to guide neural text generation,
to generate meaningful and coherent text. The methods are
used to generate human-readable text from the internal rep-
resentations of language models. In this work, we evaluate
three decoding methods: greedy, top-k Fan et al. [2018] and
top-p Holtzman et al. [2019]. Top-k and top-p are sampling
decoding methods, that, during text generation, sample tokens
from finite sets. A brief description of the methods will be
presented next.

* Greedy: greedy decoding always selects the most prob-
able token (highest softmax score) during generation.

* Top-K: consists of filtering the most probable K tokens
at a given instant, and redistributing their probabilities
among them before sampling.

* Top-p: limits the set of selectable tokens to a set of more
probable tokens whose summed probabilities are lower
than the established threshold p. Note that the number
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of tokens that can be chosen is not constant, since the
probability distributions vary at each instant.

3.3.2 Task Formulation

We have used the themes (categorical information), present
in the dockets’ metadata, to simulate a retrieval task in which
a specialist seeks to retrieve documents similar to a query
document using a search engine. The themes are unique
identifiers, mapped to common questions of law. Examples
of themes are shown in Figure 8. Thus, by using the binary
relevance definition: given a query document (), the relevant
documents R to () must have the same theme as (). Note
that, in the real scenario, the documents consist in dockets
containing both keyphrases and enumerated paragraphs.
The presented formulation is similar to that used by Os-
tendorff et al. [2021], in which the authors created relevance
pairs (query document and relevant document) using deci-
sions from the United States Supreme Court drawn from the
same casebooks or categories. Note that there is no guarantee
that the query — relevant document pairs are truly relevant to
each other. However, given the effort and cost required to an-
notate such pairs Sanderson [2010], the annotations derived
from the themes provide a reasonable proxy for relevance.

Theme 8: Monetary adjustment shall accrue from the date on which payment
of each installment was due.

Theme 470: Statutory default interest arising from labor-related amounts
recognized in a court decision is not subject to income tax.

Theme 1205: The mere immediate and full restitution of the stolen property is
not, in itself, sufficient to warrant the application of the principle of insignificance.

Figure 8. Examples of themes listed by STJ.

From the collected decisions, only 801 have themes. These
documents were removed from the training set and used to
prepare query-relevant document pairs for IR evaluation. The
query set consists of dockets whose themes occur at least
twice. From those, we prepared 482 query - relevant docu-
ment pairs (pairs of same theme documents).

To prepare the final retrieval corpus, we combined the test
set presented in Section 3.1 with the dockets with themes and
obtained a total of 23,194 documents. We increased the re-
trieval corpus to make the retrieval task more challenging. In
the worst case, the documents without a theme may introduce
false negatives (documents with the same theme of the query,
but considered non-relevant), hindering the IR metrics.

3.3.3 Experimental setup

Two different experiments were performed during the IR
evaluation and they are described in the following.

1. Studying Sampling-based Decoding Methods: this ex-
periment aims to investigate the generation of multiple
keyphrases from a single docket using sampling decod-
ing. By concatenating multiple keyphrases to a single
docket, we expect to see improvements in the IR metrics
since we are adding more text variations.
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We generated up to 10 keyphrases for each example
in the search corpus, using top-K and top-p sampling,
and concatenated them to the original input (enumerated
paragraphs) to generate the IR metrics. We repeated
the text generation five times with seeds of different
random numbers (1,000, 2,000, 3,000, 4,000, and 5,000)
and aggregated the results for comparisons. The effects
of the K of the top-K, and the p of the top-p sampling
methods were also evaluated in this experiment, varying
the values of both K and p.

We choose K and p from the following sets of values:
K € {15,50,100} and p € {0.1,0.5,0.9}. Note that
for this experiment, we are not interested in determining
the best number of repetitions, nor the best value for K or
p. The goal is to investigate the effect of the parameters
on the proposed IR task, but the results may indicate the
best parameter ranges.

2. Decoding Methods Comparison: to compare the decod-

ing methods, we extracted IR metrics for dockets using
keyphrases generated using top-K and top-p sampling.
We used the generated ones in place of the originals in
this experiment. For reference, we also evaluated IR met-
rics considering documents with and without the original
keyphrases (for both query and corpus documents) and
using simple greedy decoding.
We choose to use only one keyphrase generated by each
method based on the results obtained from the previ-
ous experiment and to evaluate the decoding methods
in similar scenarios. For this experiment, we used the
following parameters for the sampling-based decoding
methods: K = 15 and p = 0.9 (based on the perfor-
mances obtained in the previous experiment).

The experiments with sampling decoding methods were
inspired by the work doc2query Nogueira et al. [2019]. In
this work, for each example in a corpus, the authors gener-
ated several queries related to the example’s content using a
sequence-to-sequence Transformer model. The authors used
top-K sampling to create several queries per example. Then
the queries were concatenated to the input documents for im-
proving IR metrics. Considering both experiments with sam-
pling methods, we used contrastive-search with alpha = 0.6,
based on the original paper Su et al. [2022]. We choose the
K and p values based on previous works with top-K and top-p
sampling Nogueira ef al. [2019]; Holtzman et al. [2019].

3.3.4 Information Retrieval Methods and Metrics

To evaluate the proposed IR task, we choose two traditional
methods: TF-IDF and BM25 Robertson and Walker [1999].
The methods were chosen due to their popularity in search
engines (such as Lucene*) and competitive performance Rosa
et al. [2021b]; Pradeep et al. [2020]. Previous works Lima
et al. [2021]; Mandal et al. [2021]; Pedroso et al. [2019]
also discussed that sparse representation methods (such as
the chosen ones) tend to perform better in similar tasks in the
legal domain.

As an additional preprocessing for the IR methods, the
documents were tokenized and Portuguese stop-words and

“https://lucene.apache.org/
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punctuation were removed. For TF-IDF, we utilized a vo-
cabulary size of 10,000 tokens (that appeared at least three
times), and n-grams from 1 to 3. To sort documents during
retrieval using TF-IDF, we used the cosine similarity between
queries and documents. Considering BM25, the documents
were sorted by the probability ranking principle, estimating
the relevance of a document to the presented query. The addi-
tional preprocessing was done using spaCy> and sklearn®. For
BM25, we used the implementation and default parameters
from rank-bm257.

At last, we evaluated the performance in the proposed IR
task using two traditional IR metrics: Mean Reciprocal Rank
(MRR) and Recall. The metrics were chosen by their use in
similar works in the legal domain Russell-Rose et al. [2018];
Souza et al. [2021]. We used a threshold of 10 documents
(top-10 ranked documents) to compute the metrics. According
to Russelet al. Russell-Rose ef al. [2018], law professionals
tend to analyze, for the most part, up to 50 documents in
their searches. Therefore, we are evaluating an even more
challenging scenario than the described by the authors.

3.4 Qualitative Analysis

As a final analysis, for all decoding methods evaluated
(greedy, top-K, and top-p), we sampled examples gener-
ated using all methods and performed a qualitative analy-
sis on them. For this analysis, we compared the generated
keyphrases to the references and discussed the similarities
between them and the effect of the sampling methods.

4 Results and discussions

The next sections discuss the results obtained for each experi-
ment described in Section 3.3.3. In all experiments, we aim
not to compare the retrieval methods (TF-IDF and BM25), but
to use them to evaluate the quality of the generated keyphrases
using different decoding methods.

4.1 Studying Sampling-based Decoding Meth-
ods

Tables 1 and 2 present the IR metrics obtained, varying as the
number of repetitions as K e p parameters. Also, Figures 9
and 10 illustrate the effect of changing the aforementioned
parameters. The metrics consist of the mean of five different
executions (using five different seeds).

When carrying out this experiment, the expectation was to
observe a logarithmic growth as more different keyphrases
were concatenated to the dockets (similar to doc2query
Nogueira et al. [2019]), since we are using more variations
of keyphrases. However, this result was not observed in any
of the evaluated metrics (see Tables 1 and 2). Contrary to
expectations, in the worst cases, there was a decay in the
metrics as new variations were added to the input texts for
both top-K and top-p decoding methods. The decay is more
noticeable for TF-IDF method, with reductions between 2%

Shttps://spacy.io/
Shttps://scikit-learn.org
"https://pypi.org/project/rank-bm25/
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Table 1. Top-k experiments evaluation metrics. N represents the
number of samples included at the beginning of each docket.

k=15 k=50 k=100
N MRR@10 R@10 | MRR@10 R@10 | MRR@10 R@10
1 0.826 0.804 0.824 0.811 0.824 0.809
2 0.820 0.796 0.818 0.798 0.817 0.799
3 0.815 0.793 0.812 0.789 0.812 0.790
4 0.811 0.784 0.812 0.785 0.812 0.783
5 0.809 0.779 0.810 0.780 0.810 0.780
6 0.808 0.776 0.810 0.782 0.810 0.783
7 0.810 0.781 0.806 0.783 0.805 0.782
8 0.807 0.781 0.809 0.784 0.809 0.784
9 0.806 0.777 0.810 0.784 0.808 0.783
10 0.804 0.778 0.810 0.784 0.809 0.787
(a) TE-IDF experiments.
k=15 k=50 k=100
N MRR@10 R@10 | MRR@10 R@10 | MRR@10 R@10
1 0.861 0.882 0.857 0.880 0.856 0.881
2 0.857 0.879 0.857 0.876 0.856 0.875
3 0.858 0.875 0.856 0.874 0.856 0.873
4 0.859 0.878 0.856 0.875 0.856 0.874
5 0.858 0.876 0.857 0.872 0.854 0.872
6 0.858 0.875 0.854 0.873 0.852 0.873
7 0.859 0.874 0.855 0.872 0.855 0.872
8 0.860 0.874 0.855 0.870 0.853 0.870
9 0.860 0.873 0.855 0.871 0.854 0.869
10 0.861 0.871 0.857 0.871 0.856 0.871

(b) BM25 experiments.

Table 2. Top-p experiments evaluation metrics. N represents the
number of samples included at the beginning of each docket.

p=0.1 p=0.5 p=0.9
N MRR@10 R@10 MRR@10 R@10 MRR@10 R@10
1 0.821 0.815 0.823 0.813 0.826 0.807
2 0.787 0.768 0.804 0.790 0.820 0.797
3 0.761 0.724 0.788 0.774 0.810 0.790
4 0.743 0.703 0.781 0.763 0.809 0.785
5 0.727 0.684 0.776 0.748 0.805 0.779
6 0.717 0.672 0.772 0.740 0.806 0.781
7 0.713 0.661 0.768 0.734 0.803 0.780
8 0.707 0.649 0.764 0.733 0.804 0.777
9 0.701 0.640 0.760 0.724 0.805 0.777
10 0.697 0.637 0.758 0.719 0.801 0.774
(a) TF-IDF experiments.
p=0.1 p=0.5 p=0.9
N MRR@10 R@10 MRR@10 R@10 MRR@10 R@10
1 0.854  0.877 0.855  0.880 0.859  0.883
2 0.842  0.866 0.852  0.880 0.858  0.880
3 0.842  0.862 0.853  0.875 0.860  0.881
4 0.832  0.853 0.852  0.872 0.858  0.878
5 0.828  0.845 0.852  0.866 0.855  0.876
6 0.827  0.836 0.851  0.866 0.857  0.876
7 0.823  0.826 0.851  0.865 0.858  0.874
8 0.821  0.823 0.853  0.864 0.859  0.876
9 0.819  0.822 0.853  0.862 0.859  0.876
10 0.816 0.818 0.853  0.861 0.861  0.873

(b) BM25 experiments.

(top-K) and 12% (top-p) in all observed metrics. However,
as shown by the shaded regions in Figure 10, top-p have the
lowest variance in the metrics. The mentioned behaviours
were observed for all evaluated K and p values.

The aforementioned patterns can also be seen in Figures 9
and 10. In addition to the decline in metrics, the Figures
also show the performance when using only the original
keyphrases as dashed lines. As we can see, the values tend to
move away from the performance obtained using the original
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keyphrases as generated keyphrases are added to the dock-
ets. The results obtained from the original keyphrases will be
further discussed in the following Section.

The worst performances were observed in increasing repeti-
tions for p = 0.1 (see Table 10 and Figures 10a and 10b). The
most probable explanation is that the low p value is too restric-
tive, reducing the set of selectable tokens. Hence, the top-p
tends to generate similar keyphrases with low text variation
(more similar or equal keyphrases). This way, the repetitive
text hindered the performance of both IR methods evaluated.
Also, when using p = 0.1, we observed almost no variation
in the metrics shown in Figures 10a and 10b. This reinforces
the low variability in the generated text over, considering the
5 repetitions of the experiment.

By increasing the K and p values, we increase the generated
text variability, since the tokens to be predicted are chosen
from a larger set. A positive effect on the metrics was also
expected due to the possibility of adding more discriminative
terms in the generated keyphrase, which is beneficial for the
evaluated sparse methods. However, we observed a certain
deterioration of the performance obtained, and at the best
case, similar metrics by varying the K and p values. We
suspect that even with the increase in variability, the generated
keyphrases remained similar for each other, resulting in the
addition of repetitive texts to the dockets.

The conclusion from these results is that there is no ev-
idence that if we use more keyphrases (by using sampling
decoding) would be beneficial for the evaluated task. Also,
there is no benefit in using K values above 15, and p values
lower than 0.9. We will discuss the results of the sampling
methods further in Section 4.3.2.

4.2 Decoding Methods Comparison

In Table 3 is presented the results comparing decoding meth-
ods. For both the methods: TFIDF and BM25, a single
keyphrase using greedy was generated for both top-K and
top-p decoding. We adopted K = 15 and p = 0.9 for the
top-K and top-p decoding, respectively, based on the results
from the previous experiment. Table 3 also presents the re-
sults obtained performing the proposed retrieval task with and
without the original (reference) keyphrases for comparisons.

We observe that the keyphrases can help in the retrieval
tasks by comparing the metrics obtained by using documents
with and without the keyphrases. For both metrics, we ob-
served statistically significant differences. Since both sparse
methods (TF-IDF and BM25) benefit from the existence of
discriminative terms in the documents, these results were
already expected. Note that the metrics obtained using the
original keyphrases act as an upper bound to our experiments.

Considering the TF-IDF retrieval, we observed an incre-
ment in all metrics by using the generated texts (compared to
not using any). The differences in all metrics are statistically
significant (see Table 3a). For the BM25 method, we observe
similar results (see Table 3b). However, no significant dif-
ferences were observed when considering the R@10 metric.
Note that by using generated keyphrases, there is the possi-
bility of introducing false positives (false similar) and false
negatives (false non-similar) in the search corpus, originated
by noisy keyphrases. The IR metrics obtained by the BM25

Funicheli et al., 2025

Table 3. IR metrics obtained for each decoding method evaluated.
Superscript characters denote statistically significant pairwises, ac-
cording to a paired T-test (p-value < 0.05).

(a) TE-IDF experiments.

MRR@10 R@10

a) Without 0.806 0.790
b) Generated greedy 0.822¢ 0.815¢
¢) Generated top-K 0.828¢ 0.810¢
d) Generated top-p 0.825¢ 0.811¢
Original 0.825¢ 0.832¢

(b) BM25 experiments.

MRR@10 R@10

a) Without 0.819 0.878

b) Generated greedy 0.854¢ 0.877

¢) Generated top-K 0.863¢ 0.890

d) Generated top-p 0.859¢ 0.880
Original 0.879¢ 0.916*

method suggest that the method was sensitive to these noisy
examples.

By comparing the decoding methods, we note small incre-
ments for the sampling methods related to greedy decoding.
However, considering a paired T-Test using a threshold of
5%, there is no significant difference between the decoding
methods. Thus, there is not evidence enough to reject the
null hypothesis (metrics have the same mean) by observing
the comparisons between the metrics of all three decoding
approaches. Therefore, there is no evidence to justify the
choice to sample decoding methods over a simpler greedy
decoding approach, considering the proposed task.

4.3 Qualitative Analysis

The following Sections will present a qualitative analysis
in the generated keyphrases using the investigated decoding
methods.

4.3.1 Greedy Decoding

Examples of keyphrases generated by PTTS5, using greedy
decoding, are presented in Figure 11. We can note that with
BLEU scores close to 40%, although generated by a model
trained in a modest training set (less than 100K examples),
the generated keyphrases do not present spelling and lexi-
cal errors. They captured the writing style of the reference
keyphrases and are very similar to the keyphrases written by
humans.

A comparison between the number of tokens of the original
and the generated keyphrases using greedy decoding is shown
in Figure 12. It is possible to observe that, although the
distributions presented by the two histograms are similar, the
generated keyphrases have a higher concentration of examples
below 60 tokens. The average in space-separated tokens of the
generated keyphrases is lower than the average of the tokens
presented by the references (42.34 compared to 48.28).

Therefore, we identified that the keyphrases generated with
greedy decoding have a tendency for phrases of smaller length
(in tokens) than the originals. We also observed the same
pattern for the keyphrases generated using sampling decoding.
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Figure 9. Metrics obtained generating keyphrases using top-K sampling. The horizontal axis shows the number of repetitions concatenated to the dockets.
The dashed lines indicate the values obtained, using the original keyphrases in the IR task. The shaded regions indicate the intervals with 95% confidence,

considering 5 repetitions of the generation procedure.

4.3.2 Sampling Decoding

Figure 13 shows examples of keyphrases generated using top-
K and top-p decoding. We used K = 15 and p = 0.9 based
on the results from the previous analysis. From the examples,
it is possible to note that the main effect of using sampling is

the generation of paraphrases of the original keyphrases. We
also observe examples of reordering of the phrases present in
the keyphrases. Hence, the generated keyphrases tend to be
similar to each other.

Next, Figure 14 illustrates two interesting recurrent be-
haviours observed when using both sampling decoding tech-
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Figure 10. Similar to Figure 9, using keyphrases generated using Top-p sampling instead of Top-k.

niques (top-K and top-p). In addition to exact terms, we high-
light in yellow terms that were changed by the Transformer.
We observed that the model successfully switched ‘SERVI-
DORES PUBLICOS’ (public servants) by an equivalent syn-
onym ‘AGENTE PUBLICO’ (public agent). In addition, the
PTT5 model was also able for expanding the acronyms such
as ‘CF/1998’ to ‘CONSTITUICAO FEDERAL DE 1998’ and
‘EC’ to ‘EMENDA CONSTITUCIONAL’.
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The described behaviours are justified by the working of
language models based on Transformers since, during text
generation, they tend to generate tokens that appear in similar
contexts. These behaviours are also present in the greedy
decoding generated texts, but were more visible when us-
ing sampling decoding methods, given the larger next token
possibilities.

By using sampling-based methods, we observed an increase
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Reference:

AGRAVO REGIMENTAL NO HABEAS CORPUS . TRAFICO DE DROGAS.
PRISAO PREVENTIVA. PERICULUM LIBERTATIS. CRISE MUNDIAL
DE COVID-19. NAO DEMONSTRADA A EXISTENCIA DE RISCO A
INTEGRIDADE FISICA DO ENCARCERADO.

AGRAVO REGIMENTAL NAO PROVIDO.

Generated:

AGRAVO REGIMENTAL NO HABEAS CORPUS. TRAFICO DE DROGAS.
PRISAO PREVENTIVA.

PERICULUM LIBERTATIS. AGRAVO REGIMENTAL NAO PROVIDO.

References: ADMINISTRATIVO. RECURSO ESPECIAL REPETITIVO.
SERVIDOR PUBLICO. ARTIGO 46, CAPUT, DA LEIN. 8.112/1990. TESE
DEFINIDA NO TEMA 531/STJ. AUSENCIA DE ALCANCE NOS CASOS
DE PAGAMENTO INDEVIDO DECORRENTE DE

ERRO DE CALCULO OU OPERACIONAL DA ADMINISTRACAO
PUBLICA. POSSIBILIDADE DE DEVOLUGAOQ. SALVO INEQUIVOCA

PRESENCA DA BOA-FE OBJETIVA.

Generated:

ADMINISTRATIVO. RECURSO ESPECIAL REPETITIVO. TEMA 531/STJ.
ERRO DE CALCULO OU OPERACIONAL.

PAGAMENTO INDEVIDO. BOA-FE OBJETIVA. DEVOLUCAO.
DESCABIMENTO.

Reference: DIREITO TRIBUTARIO.

EMBARGOS DE DECLARACAO NO AGRAVO

INTERNO NO AGRAVO EM RECURSO ESPECIAL. APURACAO DO
VALOR VENAL DE IMOVEL NAO PREVISTO ORIGINALMENTE
NA PLANTA GENERICA DE VALORES.

REPERCUSSAO GERAL RECONHECIDA. DEVOLUCAO A ORIGEM
PELO TEMA 1.084. PRECEDENTES DO SUPREMO TRIBUNAL
FEDERAL.

Generated: PROCESSUAL CIVIL.

EMBARGOS DE DECLARACAO NO AGRAVO

NO INTERNO AGRAVO EM RECURSO ESPECIAL. ACAO DE
COBRANCA. IPTU. IMOVEL NAO PREVISTO NA PLANTA VALOR
VENAL. REPERCUSSAO GERAL RECONHECIDA. TEMA 1.084 COM
REPERCUSSAO GERAL RECONHECIDA. DEVOLUCAO A ORIGEM.

Reference:

AGRAVO REGIMENTAL NO HABEAS CORPUS. TRAFICO DE DROGAS.
PRISAO PREVENTIVA. PERICULUM LIBERTATIS. CRISE MUNDIAL
DE COVID-19. NAO DEMONSTRADA A EXISTENCIA DE RISCO A
INTEGRIDADE FISICA DO ENCARCERADO.

AGRAVO REGIMENTAL NAO PROVIDO.

Generated:

AGRAVO REGIMENTAL NO HABEAS CORPUS. TRAFICO DE DROGAS.
PRISAO PREVENTIVA. PERICULUM LIBERTATIS. AGRAVO
REGIMENTAL NAO PROVIDO.

Figure 11. Examples generated using greedy decoding. Exact matches are
highlighted in green.
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Figure 12. Histogram comparing the number of space-separated tokens
between the reference keyphrases and the ones generated using greedy de-
coding.

in text variability. However, the possibility of the model
generating text not related to the input (hallucinations) also
increases, which may have harmed the IR methods. In Figure
15 we show examples of this behaviour by highlighting the
potential hallucinated terms (terms that aren’t present in the
original keyphrase).

Original: PROCESSUAL CIVIL E TRIBUTARIO. AGRAVO INTERNO NO
RECURSO ESPECIAL. EXECUCAO FISCAL. NOMEACAO DE BENS A
PENHORA. RECUSA INJUSTIFICADA DA FAZENDA. REVISAO DAS
CONCLUSOES ADOTADAS NA ORIGEM QUE DEMANDA REEXAME
DE PROVA. SUMULA 7/STJ. AGRAVO INTERNO DA FAZENDA DO
ESTADO DE SAO PAULO DESPROVIDO.

1) Top-K: PROCESSUAL CIVIL E TRIBUTARIO. AGRAVO INTERNO NO
RECURSO ESPECIAL. EXECUCAO FISCAL. PENHORA. ORDEM LEGAL.
NOMEAGAO. RECUSA JUSTIFICADA. REVISAO. IMPOSSIBILIDADE.
SUMULA 7/STJ. AGRAVO INTERNO DA FAZENDA DO ESTADO DE
SAO PAULO A QUE SE NEGA PROVIMENTO.

2) Top-K: TRIBUTARIO. AGRAVO INTERNO NO RECURSO ESPECIAL.
EXECUGAO FISCAL. PENHORA. NOMEAGAO. RECUSA JUSTIFICADA.
POSSIBILIDADE. REVISAO. INCIDENCIA DA SUMULA 7/STJ. AGRAVO
INTERNO DA FAZENDA DO ESTADO DE SAO PAULO DESPROVIDO.

3) Top-p: TRIBUTARIO. AGRAVO INTERNO NO AGRAVO EM
RECURSO ESPECIAL. EXECUCAO FISCAL. PENHORA DE BEM
NOMEADO NA PRIMEIRA OPORTUNIDADE. RECUSA PELO FISCO
EXEQUENTE NAO JUSTIFICADA. POSSIBILIDADE. REVISAO. SUMULA
7/STJ. AGRAVO INTERNO DA FAZENDA DO ESTADO DE SAO PAULO
DESPROVIDO.

4) Top-p: TRIBUTARIO E PROCESSUAL CIVIL. AGRAVO INTERNO
NO AGRAVO EM RECURSO ESPECIAL. EXECUCAO FISCAL. PEN-
HORA. NOMEACAO DE PRECATORIOS. ORDEM LEGAL. NEGATIVA
DE PRESTACAO JURISDICIONAL. NAO OCORRENCIA. REEXAME DE
FATOS E PROVAS. INVIABILIDADE. AGRAVO INTERNO DA FAZENDA
DO ESTADO DE SAO PAULO DESPROVIDO.

Figure 13. Examples of keyphrases generated by top-K (K = 15) and top-p
(p = 0.9) decoding.

Original: CONFLITO NEGATIVO DE COMPETENCIA . JUSTICA
COMUM ESTADUAL E JUSTICA DO TRABALHO. ACAO DE
OBRIGACAO DE FAZER C/C COBRANCA. CONTRIBUICAO SINDICAL
DE SERVIDORES PUBLICOS MUNICIPAIS. ART. 114, I, DA CF/1988
COM REDACAO DADA PELA EC 45/2004.

COMPETENCIA DA JUSTICA DO TRABALHO. PRECEDENTES.
Generated:

CONFLITO NEGATIVO DE COMPETENCIA CONTRIBUICAO SINDICAL .
AGENTE PUBLICO ESTATUTARIO. ART. 114, III, DA
CONSTITUICAO FEDERAL DE 1988. EMENDA CONSTITUCIONAL
45/2004. COMPETENCIA DA JUSTICA DO TRABALHO.

Figure 14. Additional examples of generated keyphrases. Exact matches
are highlighted in green and changed terms are highlighted in yellow.

Original: TRIBUTARIO E PROCESSUAL CIVIL. RECURSO ESPECIAL.
INTERPOSICAO DE RECURSO, TEMPESTIVAMENTE, POR MEIO DE
FAC-SIMILE. AUSENCIA DE APRESENTACAO DA PETICAO ORIGINAL,
NO PRAZO PREVISTO NO ART. 2° DA LEI 9.800/99. RECURSO
ESPECIAL INTERPOSTO VIA E-MAIL. INADMISSIBILIDADE. NAO
EQUIPARACAO AO FAC-SIMILE. PRECEDENTES DO STJ. RECURSO
ESPECIAL NAO CONHECIDO.

Generated: : TRIBUTARIO E PROCESSUAL CIVIL. RECURSO
ESPECIAL, POR FAC-SIMILE. INTERPOSICAO, NA ORIGEM, DE
AGRAVO DE INSTRUMENTO, POR INTERPOSIGAO DE RECURSO POR
MEIO DE FAC-SIMILE, ORIGINAIS APRESENTADOS DENTRO DO
PRAZO LEGAL. IMPOSSIBILIDADE. ART. 20 DA LEI 9.800/99.
RECURSO INTEMPESTIVO. PECA INCOMPLETA. NAO
APRESENTACAO. PRESCRICAO. PRAZO PARA INTERPOSIGAO DE
RECURSO. PRECEDENTES DO STJ. /ART. 543-C DO CPC/73. TERMO
INICIAL. SUMULA 83/STJ. AGRAVO INTERNO IMPROVIDO.

Figure 15. Example of keyphrase that introduces terms not present in the
original keyphrase. The terms are highlighted in red.

Without domain-specific knowledge, it is not possible to
ensure that such ‘new’ terms are associated with the input
text. We can only assume that they occur in similar contexts.
Therefore, there is a risk of adding factually incorrect texts
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to the generated text, due to the generative process. In addi-
tion, when concatenating multiple variations of keyphrases
similar to each other, we added many repeated terms to the
documents, which may influence negatively the sparse IR
methods evaluated.

In addition to the justifications presented, the amount of
training data may also have affected the sampling methods.
Although the results for greedy generation were better, the
lack of variability in the training examples (due to their small
size), may have harmed the decoding using top-K and top-p
sampling.

5 Conclusion and Future works

In this paper, we successfully trained a sequence-to-sequence
Transformer to generate keyphrases and investigated three
different text decoding methods. The results showed us that
the keyphrases can bring significative increments to Informa-
tion Retrieval tasks as used in conjunction with the dockets.
This result was observed for all the keyphrases evaluated: the
references and the generated ones (using greedy, top-K, and
top-p decoding). Although we have evaluated different pa-
rameters and concatenated multiple variations of keyphrases
generated using sampling decoding (top-K and top-p), the
simpler greedy decoding performed similarly to these meth-
ods. We presented and discussed possible justifications for
such behavior, and the results suggest that greedy decoding is
enough for keyphrase generation considering legal dockets.

In future works, research will focus on pre-training trans-
former models on extensive legal-specific corpora to capture
better the intricacies and nuances of legal language, which are
often distinct from general text. By applying fine-tuning in
the parameters of the models on a comprehensive collection
of legal documents, we aim to improve the contextual rele-
vance and accuracy of generated keyphrases. Additionally,
efforts will be directed toward expanding the dataset by in-
corporating dockets from a broader range of courts and legal
institutions across Brazil. This will enhance the model’s abil-
ity to generalize across diverse legal contexts and procedural
variations, ensuring robust performance across various types
of legal documents and jurisdictions.
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