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Abstract

The analysis of unstructured civil petitions is
often hindered by procedural noise and verbose
argumentation. To address this, we propose a
pipeline composed of LLM-based fact extrac-
tion followed by legal-domain embeddings of
texts for unsupervised density clustering. We
employ Large Language Models to isolate fac-
tual narratives from raw texts, which are then
encoded using domain-specific representations
(Legal-BERT) and grouped via UMAP dimen-
sionality reduction and the HDBSCAN algo-
rithm. Comparative experiments on a Brazil-
ian judicial corpus reveal that clustering based
solely on extracted Factual Segments yields
significantly more cohesive and semantically
well-defined groups than Full-text petitions,
which suffer from fragmentation due to con-
tent variability. Results indicate that the pro-
posed method is a promising approach for the-
matic organization, procedural triage support,
and large-scale discovery of legal patterns.

1 Introduction

The rapid expansion of judicial digitization has
produced vast amounts of text, especially in ini-
tial petitions, decisions, and judgments. However,
the sheer volume of documents, along with the
complexity of legal language, makes traditional an-
alytical approaches difficult to scale. In response,
Natural Language Processing (NLP) techniques,
particularly unsupervised learning, have become
key tools for organizing legal texts semantically
and uncovering recurring patterns.

Text clustering enables the grouping of docu-
ments according to semantic similarities, reveal-
ing recurrent themes and argumentative structures.
This technique can support tasks such as procedural
triage and large-scale discovery of legal patterns.
The problem is that the technical and heteroge-
neous nature of legal language requires models ca-
pable of accurately representing the linguistic con-

text. Consequently, there has been a shift from clas-
sical representations, such as TF-IDF, to contextual
embeddings based on Transformer architectures.
Specifically, domain-specific models such as Legal-
BERT (Chalkidis et al., 2020) have demonstrated
superior performance by capturing legal semantic
nuances and contextual relationships with greater
fidelity than generic models. Additionally, legal
documents tend to be verbose, which introduces
noise in text representations, making the clustering
task more difficult.

To effectively navigate the high-dimensional
space of these embeddings, modern pipelines of-
ten employ dimensionality reduction coupled with
density-based clustering. The combination of
Uniform Manifold Approximation and Projection
(UMAP) (McInnes et al., 2018) and Hierarchi-
cal Density-Based Spatial Clustering of Applica-
tions with Noise (HDBSCAN) has proven effective
for complex datasets (Blanco-Portals et al., 2022).
HDBSCAN is particularly distinguished by its abil-
ity to identify dense regions without requiring a
predefined number of clusters and its robustness in
handling noise and arbitrarily shaped distributions
(Moulavi et al., 2014), highly desirable characteris-
tics for the irregular topology of legal corpora.

The work by Oliveira and Sperandio Nascimento
(2021) confirmed the feasibility of clustering legal
documents, establishing a baseline with traditional
methods. Recent advances, such as Esashika et al.
(2025), explore the use of Large Language Models
(LLMs) to structure petitions, highlighting a move-
ment toward integrating classical NLP with genera-
tive artificial intelligence. Works such as Marulli
et al. (2025) have applied the UMAP and HDB-
SCAN pipelines to judicial decisions, showing the
potential of these approaches.

However, applying clustering directly to raw le-
gal texts often introduces noise due to procedural
scaffolding and verbose argumentation. To address
this, this study proposes a hybrid approach for dis-
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covering legal patterns in initial petitions. We intro-
duce a pipeline that first leverages LLMs to extract
Factual Narratives, isolating the core events of the
dispute, before applying density-based clustering.
This research evaluates the impact of this extrac-
tion step by comparing the semantic organization of
Full-text versus Factual-only embeddings, aiming
to unveil the natural thematic structure of petitions
without prior labels. Results show that factual ex-
traction and representation with Legal-BERT leads
to more homogeneous and complete clusters. As a
further contribution to the field of Legal NLP, we
release the curated corpus of anonymized petitions
used in these experiments.

The paper is organized as follows: section 2
presents related work, section 3 describes the pro-
posed methodology, section 4 presents and discuss
the results, and section 5 concludes the work and
point to future work.

2 Related Work

Recent literature emphasizes that applying NLP di-
rectly to full-text legal documents often yields sub-
optimal results due to noise and excessive context
length. Held and Habernal (2025) demonstrated
that providing full judgment documents to Large
Language Models (LLMs) significantly degrades
performance compared to paragraph-level process-
ing, validating the need for targeted content selec-
tion. To address this, hybrid architectures have
gained traction. For example, Nan et al. (2024)
proposed a “select-then-extract” framework for
enforcement decisions, using rule-based filters to
identify candidate segments before invoking LLMs.
This approach mirrors our strategy of isolating Fac-
tual Narratives, ensuring that downstream tasks
rely on dense, hallucination-free representations.
In the Brazilian portuguese context, Esashika et al.
(2025) advanced this direction by employing gen-
erative AI to structure initial petitions, highlighting
the potential of integrating LLMs into traditional
legal analysis workflows.

Regarding the unsupervised organization of
these documents, the combination of semantic
embeddings, Uniform Manifold Approximation
and Projection (UMAP), and Hierarchical Density-
Based Spatial Clustering (HDBSCAN) (McInnes
et al., 2017) has emerged as a robust frame-
work. Bastola and Choi (2025) introduced a
pipeline integrating Top2Vec and graph embed-
dings with UMAP-HDBSCAN, achieving superior

cluster coherence compared to LDA or NMF. Sim-
ilarly, Marulli et al. (2025) applied a BERTopic-
based pipeline (which internally leverages UMAP
and HDBSCAN) to Italian Supreme Court rulings,
reinforcing the method’s interpretability in judicial
contexts. Finally, at the national level, Oliveira and
Sperandio Nascimento (2021) established a base-
line for clustering Brazilian legal documents using
TF-IDF and K-Means. While their study predates
current density-based approaches, it provides a crit-
ical benchmark for evaluating the semantic gains
proposed in our research.

In summary, while the aforementioned stud-
ies address isolated components of the legal NLP
pipeline—focusing either on structured extrac-
tion (Nan et al., 2024; Esashika et al., 2025) or
unsupervised clustering mechanisms (Bastola and
Choi, 2025; Marulli et al., 2025)—our work pro-
poses a unified framework that bridges these do-
mains. Unlike Oliveira and Sperandio Nascimento
(2021), who rely on centroid-based methods (K-
Means), we adopt density-based clustering to cap-
ture the non-linear semantic topology of legal dis-
putes. Furthermore, we advance beyond the scope
of general topic modeling by explicitly investi-
gating the impact of factual isolation on cluster-
ing quality. By benchmarking Factual Narratives
against Full-text representations, this study fills a
critical gap, empirically demonstrating that mitigat-
ing procedural noise via LLMs is a prerequisite for
effective pattern discovery in unstructured Brazil-
ian civil petitions.

3 Methodology

The methodological framework adopted in this
study follows a sequential pipeline designed to un-
cover latent semantic patterns in legal documents.
As illustrated in Figure 1, the workflow is com-
posed of five distinct stages: (1) Dataset Acquisi-
tion, involving the collection and anonymization
of initial civil petitions from the Court of Jus-
tice of Amazonas (TJAM); (2) Fact Extraction,
where Large Language Models (LLMs) are em-
ployed to isolate factual narratives from the full
text; (3) Embedding Generation, which utilizes
distinct architectures—Legal-BERT, OpenAI, and
Gemini—to encode semantic content; (4) the Clus-
tering Pipeline, which integrates UMAP dimen-
sionality reduction with HDBSCAN density-based
grouping; and (5) Evaluation, comprising internal
quality metrics (e.g., V-Measure) and external vali-
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dation by legal experts.

1. Dataset Acquisition
TJAM Petitions & Anonymization

2. Fact Extraction
LLM-based Narrative Isolation

3. Embedding Generation
Legal-BERT · OpenAI · Gemini

4. Clustering Pipeline
UMAP Reduction → HDBSCAN Density

5. Evaluation
Purity, V-Measure & Expert Validation

Figure 1: Methodological pipeline.

3.1 Dataset Acquisition and Preprocessing

The dataset used in this study consists of initial pro-
cedural petitions obtained from the Court of Justice
of the State of Amazonas (TJAM). The collection
focused on cases filed in January 2025, resulting
in a total of 1,860 documents. The dataset has 930
petitions from the Small Claims Civil Courts and
930 from the Ordinary Civil Courts.

This division ensures the representation of dif-
ferent levels of legal formalism and textual com-
plexity. Ordinary Courts typically handle complex
litigation requiring extensive argumentation and
strict adherence to procedural codes. In contrast,
Small Claims Courts operate under the principles
of simplicity and celerity (Law No. 9.099/95), of-
ten resulting in more concise, objective, and less
dogmatic petitions. This stylistic heterogeneity
within the same substantive domain (Civil Law)
poses a significant challenge for clustering models,
as they must distinguish semantic patterns despite
the variation in verbosity and structural scaffolding.

After collection, all petitions underwent tex-
tual normalization and anonymization proce-
dures, in accordance with Law No. 13.709/2018
(Brazilian General Data Protection Law —
LGPD) (Brasil, 2018) and Resolution CNJ No.
615/2025 (de Justiça , CNJ), which regulates the
use of AI in the Judiciary. The anonymization was
performed as an integral component of the extrac-
tion pipeline developed by Esashika et al. (2025).
Through specific prompt engineering techniques
validated in their framework, the LLMs were in-
structed to act as filters, identifying and replacing
sensitive personal data (such as names of parties

and attorneys) with generic placeholders during the
generation of the factual narratives, thus ensuring
privacy by design.

The resulting corpus provides a sample of full-
text petitions, comprising the complete raw petition
including procedural headers and legal argumenta-
tion. Petitions presented a global average length of
2,576 words (max: 6,070). This aggregate metric
reflects the structural heterogeneity of the dataset,
encompassing both the typically concise petitions
from Small Claims Courts and the more verbose
filings from Ordinary Courts.

To establish a ground truth for quantitative eval-
uation, the legal cases were manually categorized
by judicial experts into fifteen thematic classes rep-
resenting the nature of the dispute. As detailed
in Table 1, the dataset exhibits a long-tail distribu-
tion, characteristic of real-world judicial archives.
Categories such as Unauthorized Discounts and
Service Failures (Labels 0 and 1) comprise a sig-
nificant portion of the corpus, while specific issues
like Defective Products appear as rare events. This
imbalance poses a realistic challenge for density-
based clustering algorithms, testing their ability to
distinguish sparse clusters from noise.

3.2 LLM-based Fact Extraction
The procedure for extracting facts from initial peti-
tions was developed based on the methodological
workflow validated by Esashika et al.’s (2025), in
which Large Language Models (LLMs) were ap-
plied to structure legal information contained in
Brazilian legal documents. The core process in-
volved guiding the LLM with a carefully designed
prompt to identify and isolate factual elements
within the text, distinguishing them from legal argu-
ments or claims. The prompt incorporated semantic
instructions inspired by persona prompting strate-
gies, directing the model to act as a legal analyst
capable of recognizing the argumentative structure
typical of Brazilian petitions. This configuration
aimed to capture the “facts” in their procedural
sense, that is, the narrative of events that substanti-
ate the claim, while preserving textual coherence
and minimizing redundancy.

3.3 Semantic Embedding Models
For each document in the dataset, a 768-
dimensional embedding vector was generated to
represent its semantic content. Three different mod-
els were employed for this task to enable com-
parative analysis of general-purpose and domain-
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Thematic Class (Category) Label ID Count (N )
Unauthorized Bank Deductions (Checking Account) 0 499
Moral Damages (Banking Service Failure) 1 383
PASEP Balance Revision 2 8
Judicial Order for Fund Withdrawal (Alvará) 3 1
Unsolicited Consignment Credit Card 4 52
Others 5 771
Undue Credit Card Billing 6 38
Utility Billing Error (Amazonas Energia) 7 49
Undue Negative Credit Report (Banking) 8 26
Consignment Loan (Non-Contracted Allegation) 9 9
Undue Consignment Loan Refinancing 10 7
Undue Negative Credit Report (Telephony) 11 14
Defective Product (Exchange Refusal) 12 1
Undue Billing (Non-Contracted Phone Plan) 13 1
Banking Contract Revision 14 1
Total - 1.860

Table 1: Distribution of ground truth categories established by judicial analysts, mapped to English labels.

specific representations. The first model, Legal-
BERT-base-uncased (Chalkidis et al., 2020), was
selected for its pretraining on legal corpora, en-
abling the capture of domain-specific terminology
and argumentation patterns. The second, Ope-
nAI text-embedding-3-large 1, is a popular general
embedding model designed to encode diverse tex-
tual contexts with high precision. Finally, Google
gemini-embedding-001 2 was used to obtain text
embeddings from a large language model, allowing
the evaluation of its capacity to generalize across
legal factual narratives.

To ensure consistency and comparability across
the different embedding architectures, all gener-
ated vectors were subjected to L2 normalization.
This process projects the embeddings onto a unit
hypersphere, ensuring that the dot product between
any two vectors corresponds directly to their cosine
similarity—the metric subsequently used in the di-
mensionality reduction and clustering stages. For-
mally, each embedding vector v was transformed
into v̂ as follows:

v̂ =
v

∥v∥2
=

v√∑d
i=1 v

2
i

(1)

where d represents the dimensionality of the vec-
tor space (d = 768). This standardization mitigates
the impact of vector magnitude, focusing the anal-
ysis strictly on the semantic orientation of the legal
narratives, which provides a more robust founda-
tion for evaluating grouping quality.

1https://platform.openai.com/docs/models/
text-embedding-3-large

2https://ai.google.dev/gemini-api/docs/
embeddings?hl=pt-br

3.4 Dimensionality Reduction Setup
To enhance clustering performance, high-
dimensional embeddings were projected into a
lower-dimensional space using UMAP (McInnes
et al., 2018). UMAP was selected because,
unlike linear methods (e.g., PCA) or non-linear
alternatives like t-SNE, it better preserves both
local and global intrinsic manifold structures of
dense representations while ensuring computa-
tional scalability. The algorithm was configured
with cosine distance as the similarity metric,
aligning with the semantic nature of the embedding
representations.

A grid search was conducted on key hyperparam-
eters — the number of neighbors (n_neighbors), the
number of components (n_components), and the
minimum distance (min_dist) — was conducted
to identify configurations that improved cluster
compactness and separation. The values of the
selected parameters for each embedding model and
the configuration of the dataset are summarized in
Table 2. The quality of each projection was eval-
uated through the trustworthiness metric, ensur-
ing that the reduced representations maintained the
essential topological relationships of the original
space. These optimized low-dimensional embed-
dings served as input for the subsequent clustering
analysis of legal factual narratives.

3.5 Density-Based Clustering
For semantic grouping, we employed HDBSCAN.
Unlike centroid-based methods such as K-Means
that force all points into spherical clusters, HDB-
SCAN is robust to the irregular semantic shapes
and long-tail distribution typical of our legal corpus.
Furthermore, it improves upon standard DBSCAN
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UMAP HDBSCAN
Model Dataset n_neighbors n_components min_dist min_cluster_size min_samples
legal-BERT Facts 100 10 0.1 25 20
legal-BERT Full 50 100 0.2 30 25
gemini001 Facts 15 50 0.4 20 20
gemini001 Full 15 100 0.2 20 20
text-3-large Facts 100 10 0.1 30 20

Table 2: Hyperparameters for dimensionality reduction (UMAP) and clustering (HDBSCAN).

by dynamically adapting to varying densities and
automatically isolating noise (atypical cases) with-
out requiring a predefined number of clusters.

A systematic exploration of the hyperparameters
min_cluster_size and min_samples was conducted,
as summarized in Table 2. These parameters were
adjusted for each embedding model and dataset
configuration to balance cluster granularity and
noise sensitivity. Data points labeled as noise (−1)
were excluded from quantitative evaluation but an-
alyzed qualitatively to understand their linguistic
or factual distinctiveness.

To quantitatively assess the quality of the gener-
ated clusters, we employed the manual classifica-
tions described in Section 3.1 as ground truth labels.
Specifically, the numerical identifiers (0−14) listed
in Table 1 served as the reference for computing
external validity metrics, ensuring that the density-
based groups discovered by the algorithm are eval-
uated against expert-defined legal categories.

3.6 Evaluation Metrics

Following established protocols in unsupervised
legal document analysis (Marulli et al., 2025; Bas-
tola and Choi, 2025), we employed a multi-metric
evaluation framework to assess both topological
preservation and semantic coherence.

To validate the dimensionality reduction step,
we calculated Trustworthiness, which relies on a
rank-based comparison of k-nearest neighbors to
quantify the preservation of local manifold struc-
tures from the high-dimensional space.

For clustering quality, we utilized the expert-
annotated labels (Section 3.1) as ground truth to
compute four extrinsic metrics. We employed two
entropy-based measures: Homogeneity, which pe-
nalizes clusters containing members of different
classes (conditional entropy of class distribution
given the cluster), and Completeness, which as-
sesses if all members of a class are assigned to the
same cluster. Their harmonic mean yields the V-
measure, providing a balanced view of precision

and recall. Finally, to account for random group-
ing effects, we computed the Adjusted Rand Score
(ARS), a pair-counting metric that measures the
similarity between the algorithmic and expert parti-
tions, corrected for chance.

4 Results and Discussions

4.1 Presentation of Results

The quantitative evaluation of the clustering
pipeline is summarized in Table 3. Beyond the raw
values, the empirical data supports two primary
conclusions: (1) factual extraction is a prerequisite
for effective clustering in the legal domain, and (2)
domain-specific embeddings outperform generalist
models in creating semantically cohesive groups.

The transition from Facts to Full-text configu-
rations resulted in a performance drop across all
semantic metrics for every model. Notably, the V-
measure for Legal-BERT dropped from 0.5148 to
0.3781 when full text was used. This degradation
supports the assumption that procedural scaffold-
ing and verbose argumentation in raw petitions may
act as noise, hindering semantic representation. By
isolating the factual narratives, the model appears
to achieve a superior signal-to-noise ratio, allowing
the clustering algorithm to separate distinct legal
disputes based on events rather than original text.

Legal-BERT-base-uncased (Facts) emerged as
the superior model for this task, achieving the high-
est V-measure (0.5148) and Homogeneity (0.6144).
In the context of pattern discovery, Homogeneity is
particularly critical as it measures the purity of the
clusters. Legal-BERT’s high score indicates that it
successfully creates cohesive groups dominated by
single legal themes.

Although Gemini-embedding-001 achieved the
highest Adjusted Rand Score (ARS) of 0.3980, indi-
cating a strong alignment with ground truth labels,
it displayed lower homogeneity. This discrepancy
suggests that while Gemini excels at broad catego-
rization, as evidenced by its high completeness, it
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Metric Legal-BERT Gemini OpenAI-Large
Facts Full Facts Full Facts

Trustworthiness 0.9554 0.9671 0.9625 0.9562 0.9653
Adjusted Rand Score (ARS) 0.3710 0.1882 0.3980 0.1833 0.2219
Homogeneity 0.6144 0.5309 0.4860 0.4310 0.5362
Completeness 0.4429 0.2935 0.5327 0.3118 0.3962
V-measure 0.5148 0.3781 0.5083 0.3618 0.4557

Table 3: Average clustering evaluation metrics across embedding models and input configurations.

may obscure distinctions between subtle sub-topics
that the domain-specific Legal-BERT identifies.

Regarding the projection quality, all configu-
rations maintained Trustworthiness values above
0.95, confirming that the UMAP dimensionality
reduction preserved the local topological structure
of the original embeddings.

4.2 Discussion of Clustering Performance

The results presented in Table 3 demonstrate dis-
tinct performance across the evaluated embedding
models and input configurations. The comparison
reveals that the model’s specialization and the tex-
tual scope of input data play decisive roles in the
semantic organization and coherence of clusters.

Among all tested embeddings, Legal-BERT-
base-uncased (Facts) achieved the most balanced
overall performance, outperforming the others in
V-measure (0.5148) and Homogeneity (0.6144).
These metrics indicate that domain-specific em-
beddings trained on legal corpora provide a richer
representation of juridical semantics, enabling bet-
ter grouping of factual narratives into coherent clus-
ters. This result aligns with prior findings in legal
NLP literature, which emphasize that contextual
embeddings fine-tuned on legal text capture nu-
anced patterns that generic models often overlook.

This result aligns with prior findings in legal
NLP literature (Chalkidis et al., 2020; Bastola and
Choi, 2025), which emphasize that contextual em-
beddings fine-tuned on legal corpora capture nu-
anced semantic patterns that generic models often
overlook. By leveraging representations optimized
for juridical syntax, the model effectively distin-
guishes between subtle factual variations—such
as the difference between a "billing error" and a
"contractual revision"—which typically conflate in
general-purpose vector spaces.

The gemini-embedding-001 (Facts) configura-
tion exhibited the highest Adjusted Rand Score
(0.3980) and Completeness (0.5327), showing

stronger agreement between discovered clusters
and reference categories. This suggests that the
Gemini embeddings, though not domain-specific,
maintain competitive discriminative capabilities
when the input text is limited to the factual seg-
ments. The removal of rhetorical and procedural
elements from the full petition text effectively re-
duced noise, improving the signal-to-semantic ratio
of the representations.

In contrast, all Full-text configurations presented
a consistent decline in clustering quality. The de-
crease in both V-measure and Completeness values
suggests that longer and heterogeneous documents
introduce vocabulary dispersion and topic overlap,
leading to lower cluster separability. This effect
highlights the importance of content selection and
segmentation in legal document analysis, particu-
larly in tasks driven by unsupervised learning.

Despite model differences, all configurations
achieved Trustworthiness values above 0.95, con-
firming that the UMAP projections preserved
the intrinsic neighborhood structure of the high-
dimensional embedding space. This ensures that
observed clusters in the reduced space are faith-
ful to the underlying semantic relationships of the
original embeddings.

Overall, the results reinforce two key findings:
(i) embeddings specialized in legal language yield
superior intra-cluster cohesion, and (ii) focusing
on factual segments rather than full documents en-
hances cluster clarity and interpretability. These
outcomes validate the methodological decision to
employ factual narratives as the primary represen-
tation for unsupervised clustering in legal texts.

4.3 Evaluation of Thematic Homogeneity

In order to evaluate the quality of the clusters pro-
duced by HDBSCAN in relation to every document
category, as described in Table 1, we calculated the
homogeneity of each of them. This homogeneity
was defined as the ratio between the number of
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documents belonging to the predominant human-
assigned class within a cluster and the total number
of documents in that cluster, reflecting the extent
to which each group is composed of elements from
a single reference category. The goal of this stage
was to provide an interpretable assessment of the
coherence between the automatic clusters and the
thematic categories perceived by legal experts.

Figure 2 shows that several thematic clusters ex-
hibit homogeneity levels above 80%, suggesting
a strong correspondence between the patterns dis-
covered by the model and the human-defined cate-
gories. A few heterogeneous clusters, such those
for themes “Others” or particular cases of “Bank
Credit Cards”, displayed lower values, reflecting
greater lexical and thematic dispersion. Particu-
larly, the class “Others” involved a lot of differ-
ent documents not included in selected categories.
These results reinforce the consistency of the struc-
ture produced by HDBSCAN and complement the
quantitative metrics by introducing an interpretable
dimension grounded in human judgment.

4.4 Qualitative Analysis of Clusters
A qualitative inspection of the UMAP projections,
obtained by reducing the embeddings to a two-
dimensional space (n_components = 2) specif-
ically for visualization purposes, can be seen in
Figure 3. This visualization provides a deeper in-
sight into the topological structure of the discov-
ered groupings. We compared the clusters gener-
ated from Factual Narratives (Figure 3a) against
those derived from Full-text petitions (Figure 3b),
where ground truth labels are represented by dif-
ferent colors and different clusters are shown as
labeled instances in the figure. In this way, incoher-
ent clusters can be easily identified as multicolored
groups of points or by the spatial dispersion of
labels.

In the extracted facts case, we observe a struc-
ture with well-defined boundaries and high density.
By mapping the visual cluster labels to the ground
truth classes, we identified highly homogeneous
groups. Cluster 0 (top-left) is almost exclusively
composed of Utility Billing Error (Amazonas Ener-
gia) (Class 7, red points) cases (Class 7, red points),
demonstrating perfect isolation of utility disputes.
Similarly, Cluster 3 (bottom-center) groups all Ju-
dicial Order for Fund Withdrawal (Alvará) (Class
3, light-green). If we note the clusters based on
full texts, only Class 3 (light-green) is properly sep-
arated in Cluster 7, while Class 7 (red) is mixed

with other classes in Cluster 6.
Furthermore, the factual clustering revealed se-

mantic mergers that reflect the underlying nature
of the harm rather than just the defendant type.
Cluster 4 (right-center), for instance, groups Un-
due Negative Credit Report (Banking) (Class 8,
pink points) together with Undue Negative Credit
Report (Telephony) (Class 11, purple points). Al-
though these involve different entities, they share
the same factual trajectory of credit restriction.
Cluster 2 (top-center) presents a more heteroge-
neous composition dominated by Unsolicited Con-
signment Credit Card (Class 4, green points) but
overlapping with Moral Damages (Banking Ser-
vice Failure) (Class 1) and PASEP Balance Revi-
sion (Class 2). This overlap is legally consistent, as
these dispute types frequently share similar narra-
tive structures regarding banking errors. If we note
theses classes in the full text scenarios (represented
by the same colors green, orange, pink and brown),
we can observe that they are very fragmented in
different clusters, and their proximity did not corre-
spond to the semantic similarity described before.

In both scenarios, the classes corresponding to
Unauthorized Bank Deductions (Class 0, dark blue
points) and Moral Damages due to Service Failures
(Class 1, light blue) constitute the largest portion of
the corpus. These classes exhibited fragmentation
across multiple clusters, particularly in the Full-
text configuration. This dispersion is attributable
to the intrinsic semantic heterogeneity of these cat-
egories: while Class 0 encompasses a wide range
of financial sub-products (e.g., undisclosed insur-
ance fees, capitalization bonds, and administrative
tariffs), Class 1 acts as a derivative claim arising
from diverse factual antecedents rather than a sin-
gle narrative pattern.

However, a clear distinction arises in the Factual
Narratives case. Here, Class 0 is primarily present
into Clusters 5 and 7, while Class 1 is splited in
Clusters 6 and 8. Notably, these clusters exhibit
spatial proximity in the UMAP space, reflecting
the frequent co-occurrence of these claims in civil
litigation. In contrast, under the Full-text scenario,
these categories remain widely dispersed, suggest-
ing that without narrative extraction, the model
fails to unify the variations of these high-volume
classes into coherent topological regions.

However, in factual clustering class 0 is more
concentrated in Clusters 5 and 7, and class 1 is
more concentrated in Clusters 6 and 8, where
these cluster are closer to each other. Instead, in the
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Figure 2: Cluster homogeneity based on the alignment between HDBSCAN labels and human classification.

(a) Facts (b) Full text

Figure 3: Two-dimensional visualization of the clusters generated from Legal-BERT representations.

full text case, these two classes are very fragmented
in several clusters across all the UMAP projections.

Finally, “Noise” (Label -1) detected by the HDB-
SCAN algorithm are shown as gray points in both
figures. Basically, they are less frequent classes
- eg. Defective Products (Class 12) or Bailment
(Class 3) - that lack of sufficient density to form
independent groups. Visually, the Full-text con-
figuration presents a more diffuse distribution of
these outliers, confirming that the use of verbose
text in petitions introduces variance that hinders
their similarity analysis.

5 Conclusions and future work

This work presented a pipeline for pattern discov-
ery in legal documents, combining factual narra-
tive extraction via Large Language Models and text
embeddings to further apply dimensionality reduc-
tion and density-based clustering techniques. The

methodology was applied to initial petitions from
the Court of Justice of Amazonas, comparing the
effectiveness of the clustering performed on factual
segments versus full texts in terms of quantitative
metrics (e.g. V-Measure) and qualitative validation
based on specialized legal categories.

Experiments showed that the use of domain-
specific embeddings (Legal-BERT) applied exclu-
sively to factual segments outperformed full-text
approaches, resulting in significantly more cohe-
sive clusters and well-defined thematic groups. The
removal of procedural noise and rhetorical argu-
mentation allowed the method to identify both
repetitive demands and atypical cases with greater
precision, reducing lexical dispersion and increas-
ing the interpretability of the discovered legal pat-
terns.

For domain professionals, this methodology of-
fers highly practical applications across all stages
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of the judicial workflow. Particularly in high-
volume litigation like banking disputes, which
heavily burden Brazilian courts, clustering fac-
tual narratives allows judges and court analysts
to identify groups of similar claims. This capa-
bility facilitates the batch-processing of repetitive
demands, optimizing backlog management and en-
suring greater procedural celerity.

Future work will expand this pipeline to diverse
judicial contexts and explore automatic cluster la-
beling via topic modeling. Ultimately, we envi-
sion integrating this system-agnostic architecture
into electronic lawsuit platforms—such as Projudi,
used by the analyzed court, or others—to provide
real-time, data-driven decision support, from initial
triage to the drafting of standardized rulings.
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