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Abstract

This work presents and evaluates two special-
ized sentence embedding models for the Por-
tuguese legal domain, LexIris-pt and LexBert-
pt, obtained through supervised fine-tuning of
BERT-based models using pairs of initial pe-
titions. We propose a comparative evaluation
protocol along three fronts: (i) zero-shot in-
ference with pretrained embeddings, (ii) super-
vised fine-tuning on these pairs, and (iii) vector
retrieval with incremental clustering over a cor-
pus of 20,000 initial petitions. The results show
that fine-tuning consistently increases correla-
tions with reference scores and improves per-
formance in vector retrieval; additionally, the
vector retrieval stage indicates that the metric
configured in the index (cosine similarity or in-
ner product) can change the granularity of the
partitioning under a fixed threshold, reinforc-
ing the need for joint calibration among the en-
coder, metric, and threshold. After auditing by
specialists from the partner institution, LexIris-
pt and LexBert-pt were operationally adopted
to support the screening and organization of
repetitive claims and predatory litigation.

1 Introduction

The exponential growth of lawsuits in Brazil has
posed challenges to procedural management in
large courts (Armonas Colombo et al., 2017; Castel-
liano et al., 2024). In initial complaints, overlap
between the description of the facts and the legal
arguments is frequent, generating repetitive claims,
that is, large volumes of different lawsuits con-
cerning the same type of issue (De Martino et al.,
2023; Sauvola et al., 2024) and, in extreme cases,
predatory litigation1 (Page and Soss, 2021). Man-
ual triage of this volume overloads court staff and

1Situations in which one of the parties uses the judicial
system in an abusive or strategic manner, not to seek a fair
solution to a dispute, but to obtain undue advantages, pres-
sure the other party, or overload the Judiciary with repetitive
lawsuits lacking solid legal grounds.

judges, affecting both timeliness and the consis-
tency of case law (Zadgaonkar and Agrawal, 2021;
Singh and Jha, 2024), which reinforces the need for
automated solutions that identify legally relevant
similarities between documents in large volumes
of cases (Nithya et al., 2024). In courts of jus-
tice, the Recursive Electronic Search using Natural
Language (BERNA) system (Portuguese: Busca
Eletrônica Recursiva usando Linguagem Natural)
already explores automatic similarity checking be-
tween facts, legal theses, and precedents (Campos,
2022; Ruiz, 2021; Grace, 2025), but challenges
of granularity, robustness, and adaptation to the
Portuguese legal domain remain (Zanuz and Rigo,
2022).

Pretrained language models such as Bidirec-
tional Encoder Representations from Transform-
ers (BERT) demonstrate strong performance on
multiple Natural Language Processing (NLP) tasks
(Devlin et al., 2019), with additional gains when
adapted to specific domains, such as the legal
(Chalkidis et al., 2020), biomedical (Lee et al.,
2019), and scientific domains (Beltagy et al., 2019).
In Portuguese, efforts such as BERTimbau (Souza
et al., 2020) and resources from the LegalNLP
ecosystem (Polo et al., 2021) indicate the poten-
tial for specialization (Viegas, 2022), but a large
share of studies in legal NLP still focuses on nar-
row tasks, evaluated in a non-standardized manner,
which makes it difficult to estimate the real benefits
of domain adaptation and to establish comparisons.
In this work, we use similarity between initial pe-
titions as a case study, placing different models
and strategies under a comparative experimental
protocol.

The main contribution of this work is the train-
ing and release of two sentence similarity models
specialized in Portuguese legal language, LexIris-
pt and LexBert-pt, derived from models trained
and adapted on a corpus of initial petitions. To
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support this contribution, we propose a common
protocol that integrates three complementary axes:
(A1) zero-shot similarity with pretrained em-
beddings (Atigh et al., 2025; Schuff et al., 2023),
establishing a textual proximity baseline; (A2) su-
pervised Fine-Tuning (FN) of Portuguese legal
embeddings (Zheng et al., 2021; Mireshghallah
et al., 2022), which yields the specialized models
LexIris-pt and LexBert-pt; and (A3) evaluation
via vector retrieval and incremental clustering
(Guo et al., 2017), combining Hierarchical Navi-
gable Small World (HNSW) indexing in Milvus
(Ribeiro et al., 2025) with a similarity-threshold
association rule to group similar pleadings in the
insertion stream.

The study is supported by a novel corpus of
20,000 initial petitions in Portuguese, provided
by a Brazilian public body, processed by a pipeline
for cleaning, normalization, and deduplication. In
accordance with legal and ethical requirements,
the dataset may be made available on demand for
academic purposes, subject to institutional autho-
rization and the signing of a confidentiality and
responsibility agreement, in compliance with the
General Data Protection Law (LGPD) (Lorenzon,
2021). Furthermore, the corpus was anonymized
in compliance with CNJ Resolution No. 615/2025
(Conselho Nacional de Justiça (Brasil), 2025).

2 Related Work

Research in legal NLP in Portuguese has advanced,
but still faces challenges regarding resources and
evaluation (Lima et al., 2022). In the Brazilian con-
text, notable contributions include domain-specific
models and data, such as LegalBERT-pt (Silveira
et al., 2023) and Portuguese Semantic Textual Sim-
ilarity (STS) datasets (da Silva Junior et al., 2024),
as well as efforts in legal named entity recognition
(Zanuz and Rigo, 2022; Duarte et al., 2022).

Several studies evaluate semantic represen-
tations and document organization strategies.
Silva Junior et al. (2025) compare Term Frequency-
Inverse Document Frequency and Best Match 25 to
Transformers, showing that simple methods can be
competitive, while clustering approaches explore
BERT, Generative Pre-trained Transformer 2, and
RoBERTa in judicial decisions (de Oliveira and
Nascimento, 2021; Liu et al., 2019) and in topic
discovery for legal collections (Vianna et al., 2024).
In other legal systems, there are STS studies on
Indian judgments (Jain et al., 2022; Mandal et al.,

2021), proximity between German legal texts and
reference laws (Darji et al., 2021), and judgment
prediction in English with Transformers (Maqsood
et al., 2024).

In the area of sentence embeddings, Sentence-
BERT shows how siamese architectures enable
cosine-similarity comparison in a zero-shot set-
ting for semantic search and STS (Reimers and
Gurevych, 2019). Self-supervised Simple Con-
trastive Learning of Sentence Embeddings meth-
ods refine these representations (Gao et al., 2022),
and multilingual families such as E5 further im-
prove performance on retrieval and STS (Wang
et al., 2024). Additional gains come from contin-
ued pretraining by domain and task (Gururangan
et al., 2020) and from legal benchmarks such as
LEXGLUE (Chalkidis et al., 2022).

Finally, the organization of large collections of
embeddings typically combines approximate near-
est neighbors indexes (such as HNSW), nonlinear
projections (t-Distributed Stochastic Neighbor Em-
bedding (t-SNE), Uniform Manifold Approxima-
tion and Projection) and the density-based clus-
tering algorithm Hierarchical Density-Based Spa-
tial Clustering of Applications with Noise (HDB-
SCAN) for geometric inspection and efficient vec-
tor retrieval (Malkov and Yashunin, 2018; Linder-
man and Steinerberger, 2019; McInnes et al., 2018,
2017).

In summary, despite recent resources and mod-
els, there is still a lack of studies that, in the Por-
tuguese legal context, systematically compare pre-
trained models in zero-shot mode and their FN
counterparts, including in vector retrieval tasks
over large document collections. This work ad-
dresses this gap by training and releasing two
specialized sentence embedding models for Por-
tuguese legal language (LexIris-pt and LexBert-pt),
evaluated under a unified experimental protocol
that includes zero-shot scenarios, supervised FN,
and vector retrieval on collections of initial peti-
tions.

3 Corpora

For training the models proposed in this work, we
use a corpus composed of 20,000 Portuguese le-
gal documents, provided by a public body of the
State of Goiás through the BERNA system. This
collection contains first-instance initial petitions.
Each record has four textual fields defined from the
pairing provided by the system, namely Paradigm
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Facts (description of the facts in the reference
pleading), Similar Facts (description of the facts
in the most similar pleading), Paradigm Legal Ba-
sis (legal reasoning in the reference pleading), and
Similar Legal Basis (legal reasoning in the most
similar pleading). In addition to the texts, the col-
lection includes technical internal identifiers of the
pairing and numerical proximity scores produced
by the system.

Each document is decomposed into these four
textual segments for analysis purposes, but, in the
modeling stages, fact and law are subsequently re-
consolidated into a single representation per pe-
tition, so that the corpus remains with 20,000
document-level instances.

The use of the data complies with the LGPD. The
texts are processed for academic research purposes,
and sensitive information, when present, is not in-
cluded in the package to be shared. For any on-
demand release, the identifiers will be replaced by
one-way hash keys, with access granted only after
institutional authorization from the public body2.

3.1 Statistical analysis of the corpus

We performed descriptive analysis after preprocess-
ing. The goal is to characterize the four textual
fields and estimate the risk of truncation in BERT-
type models. We compute the length in words and
characters, number of sentences, and lexical diver-
sity for each field. Lexical diversity is estimated
by two measures, one of which is the Type–Token
Ratio (TTR),

TTR =
V

N
,

where V represents the number of unique types and
N the number of tokens; and Herdan’s C measure,

C =
log V

logN
,

which is more robust to length variation. A Table 1
summarizes the aggregated results of the corpus
and shows a higher average length for the Law
blocks compared to the Fact blocks; we observe a
higher TTR for Facts and similar Herdan’s C val-
ues across fields, suggesting a stabilized vocabulary
after normalization.

To estimate the impact of the 512-token limit
in BERT models, we tokenized each text with the

2Legal basis. Processing for studies by a research body,
with anonymization whenever possible, pursuant to art. 7º, IV,
art. 11, II, c, and art. 13 of Law No. 13.709/2018.

WordPiece tokenizer from BERTimbau Base with-
out truncation and counted its length in tokens. We
then computed the fraction with length > 512 for
each field, obtaining (61.50%) for Paradigm Facts,
(61.94%) for Similar Facts, (79.18%) for Paradigm
Legal Basis, and (79.55%) for Similar Legal Ba-
sis. Since BERT processes at most 512 tokens per
input, in this work we process the texts with the
512-token limit (tokenizer truncation); we do not
apply windowing nor extended-context models.

For geometric inspection, we generated sentence
embeddings (BERTimbau Base, cosine metric) and
produced t-SNE projections with simple random
sampling by field (fixed seed). The projections
reveal overlap between the Paradigm and Simi-
lar views of the same textual type (for example,
Paradigm Facts versus Similar Facts and Paradigm
Legal Basis versus Similar Legal Basis) and only
partial separation between the Facts and Legal Ba-
sis blocks (Figure 1), which motivates supervised
FN and the comparison of similarity functions.

Figure 1: t-SNE projection of embeddings with cosine
metric. Overlap is observed between Paradigm and
Similar views and partial separation between Facts and
Legal Basis.

In the experimental design, the 20,000 docu-
ments were partitioned into two complementary
blocks. 10,000 constitute the material for super-
vised learning, used to construct pairs and in the
80/16/4 (train/validation/test, seed 42) split em-
ployed for FN; the remaining 10,000 form a hold-
out set dedicated to indexing and vector retrieval
over large document volumes. The (A1) zero-shot
similarity approach uses 500 pairs drawn exclu-
sively from this hold-out block, without weight
updates, whereas (A3) operates over the entire in-
dexed hold-out set.
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Text field Length Lexical
diversity

Mean
words

Standard
deviation

Mean
characters

Standard deviation
characters

Mean
sentences TTR Herdan

C

Paradigm Facts 545.80 870.68 4340.68 6618.89 47.37 0.49 0.93
Similar Facts 543.40 856.55 4326.24 6556.96 47.07 0.49 0.93
Paradigm Legal Basis 1531.65 2295.55 12066.80 15928.19 162.14 0.40 0.91
Similar Legal Basis 1528.98 2291.16 12049.64 15898.56 161.70 0.40 0.91

Table 1: Statistical summary of the textual fields (after preprocessing and stopword removal).

Figure 2: Overall architecture of the methodology, from
corpus preprocessing to similarity evaluation and selec-
tion of the specialized LexIris-pt and LexBert-pt models
in the partner institution environment.

4 Methodology

This section describes the study methodology. Fig-
ure 2 summarizes the overall architecture of the
proposed pipeline.

4.1 Preprocessing and data normalization

Preprocessing reduced noise and standardized the
textual input, including the removal of stopwords,
while preserving numbers and punctuation. We
replaced line breaks with spaces, removed punctua-
tion only at the beginning of the sequence, trimmed
extra spaces, and limited repeated symbols to four
occurrences. Next, we deduplicated Similar Facts
and Similar Legal Basis by case, while preserving
the reference–similar pairing. For the supervised
experiments, we concatenated Facts and Legal Ba-
sis to compose two sequences, Paradigm (Paradigm
Facts + Paradigm Legal Basis) and Similar (Simi-
lar Facts + Similar Legal Basis). These sequences
form the pairs (sentence1, sentence2).

4.2 Zero-shot similarity with pretrained
embeddings

We applied zero-shot inference to a subset of 500
pairs drawn from the hold-out of 10,000 docu-
ments. We used the same pretrained encoders eval-
uated during FN, without any weight updates. We

Item Configuration

Batch size 4 per device in training and validation
Epochs 4
Loss function CosineSimilarityLoss
Optimizer AdamW (trainer default)
Learning rate 1× 10−5

Warmup 10% of total steps
Numerical precision FP16 enabled
Evaluation strategy step-based; evaluation every 100 steps

with SequentialEvaluator
Saving and logging saving every 100 steps; at most 2

checkpoints; logging every 100 steps
Checkpointing enabled, with state recovery
Hardware GPU H100

Table 2: Hyperparameters and configurations used in
supervised FN.

kept the same corpus preprocessing and built two
representations per pair: Paradigm, composed of
Paradigm Facts and Paradigm Legal Basis, and
Similar, composed of Similar Facts and Similar
Legal Basis. Each representation was tokenized
with the model’s native scheme up to 512 tokens,
with standard truncation and padding. We then
computed proximity scores between the two se-
quences using cosine similarity and Inner Product
(IP), and used these scores for ranking and descrip-
tive analysis with respect to BERNA’s reference
scores. There was no threshold calibration or win-
dowing, keeping the procedure strictly zero-shot
and reproducible with a fixed seed.

4.3 Supervised FN of Portuguese legal
embeddings

We evaluated BERTimbau Base, BERTimbau
Large, STJ Iris (Melo et al., 2023; Fonseca et al.,
2016; Real et al., 2020; May, 2021), Legalbert-pt,
RoBERTaLexPT-base (Garcia et al., 2024), and
JurisBERT (Viegas et al., 2023) with the same con-
figurations and hyperparameters shown in Table 2.
The sequences were limited to 512 tokens with trun-
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cation and the native padding of each model, and
the data split follows the corpora section. The eval-
uation considered cosine similarity, IP, Euclidean
distance, and Manhattan distance.

4.4 Evaluation via vector retrieval and
incremental clustering

After FN, we applied vector retrieval on the 10,000-
document hold-out. This stage is distinct from zero-
shot inference, which used 500 pairs from the same
hold-out. For each petition, we generated two em-
beddings, one for the Facts block and another for
the Legal Basis block, using the same encoder. We
then concatenated the resulting vectors (dimension
2d) and applied ℓ2 normalization to the combined
vector before indexing and search. Next, we in-
dexed the vectors in Milvus with HNSW, using
M = 16 and efConstruction = 256. To investi-
gate partitioning behavior under different similarity
settings in the index, we ran the same routine un-
der two metric configurations in Milvus: cosine
and IP in the implementation. Since the vectors
are ℓ2-normalized, cosine and IP are theoretically
equivalent; nevertheless, we empirically report the
observed partitioning under approximate search
(HNSW) and incremental ingestion, as small varia-
tions in the returned neighborhood may affect asso-
ciation decisions near the threshold.

Searches used ef = 64 and returned the sin-
gle nearest neighbor. Clustering was incremental
and representative-based. For each new petition,
we queried the index for the nearest neighbor and,
when the returned score (the higher, the more simi-
lar for cosine/IP) was greater than or equal to 0.90,
we assigned the petition to the cluster of the re-
trieved representative. Otherwise, we created a
new cluster and inserted into the index only the
representative vector of this new group. Thus, the
index maintains one vector per cluster (the repre-
sentative), rather than all vectors of the associated
petitions. The results were audited by the busi-
ness team of the granting agency through sample
inspection and validation using score tables and
undirected graphs, which allowed us to assess the
internal consistency of the clusters and the suitabil-
ity of the adopted threshold. We emphasize that
the incremental procedure is sensitive to insertion
order and to the threshold; therefore, all runs were
performed with a fixed order and fixed parameters
to ensure comparability across conditions.

4.5 Reproducibility

All code used in this work, including the prepro-
cessing pipeline, training/evaluation scripts, and
configurations, is available on GitHub3.

5 Results and Discussion

In this section, we present the results and discuss
implications for operational use in judicial case
collections. Tables 3 and 4 summarize the com-
parison between two configurations, without FN
(original model) and with FN. The first table re-
ports the quality of the groupings induced by the
embeddings through the Silhouette Score, while
the second quantifies the agreement between simi-
larity scores and the reference scores using Pearson
and Spearman correlations, under different distance
and similarity functions. To facilitate reading Ta-
ble 4, Cos-P and Cos-S denote, respectively, the
Pearson and Spearman correlations when similarity
is computed with cosine; Euc-P and Euc-S refer to
the correlations under Euclidean distance (mapped
to similarity); and Man-P and Man-S to the cor-
relations under Manhattan distance (with the same
mapping). The comparison between Pearson and
Spearman allows us to distinguish, respectively, lin-
ear agreement and monotonic agreement between
the model scores and the reference scores.

Table 4 shows that, in the no-FN setting, there
are substantial differences between models before
any domain adaptation. STJ Iris presents the most
consistent baseline, leading the six reported mea-
sures and reaching, for example, a Spearman corre-
lation of 0.5214 under cosine. This result indicates
that a relevant portion of the semantic signal cap-
tured by the reference is already recoverable with
pretrained representations, but it also sets a prac-
tical ceiling for zero-shot use when the goal is to
faithfully reproduce the ranking of the reference
system. After FN, correlations increase systemati-
cally across all models, shifting performance to an
approximate range of 0.62 to 0.73, which confirms
the specialization effect for the textual pattern of
initial petitions and for the proximity criterion rep-
resented in the supervised set. In this setting, STJ
Iris maintains high and stable performance on rank-
based metrics, for example, Cos-S of 0.7251, while
peaks on specific measures appear in other models,
for example, Cos-P of 0.7315 in JurisBERT. Taken
together, the results indicate that FN improves both

3https://github.com/Willgnner-Santos/LexEmbed
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Model Status Clustering (Silhouette Score)

Agg. KMeans Affinity DBSCAN HDBSCAN

STJ Iris
Original 0.4101 0.3892 0.1836 -0.1271 0.0876
FN 0.3557 0.3310 0.1976 -0.0183 0.1638

BERTimbau Large
Original 0.4526 0.4344 0.4426 -0.0035 0.0504
FN 0.3956 0.3875 0.2404 -0.0201 0.0611

BERTimbau Base
Original 0.4916 0.4584 0.4414 0.1228 0.0862
FN 0.3902 0.3575 0.2501 -0.0031 0.0765

Legalbert-pt
Original 0.5075 0.4726 0.4315 0.1448 0.1132
FN 0.3326 0.3055 0.2590 0.0458 0.0337

RoBERTaLexPT-base
Original 0.4986 0.4806 – – 0.0637
FN 0.4172 0.3757 0.1533 0.0101 0.0038

JurisBERT
Original 0.4731 0.4514 0.3566 -0.0481 0.0351
FN 0.3727 0.3321 0.2522 -0.0755 0.0624

Table 3: Performance in clustering (Silhouette Score) comparing original models (without FN) and after FN. Symbol
‘–’ indicates a measure not calculated.

Model Original (without FN) After FN

Cos-P Cos-S Euc-P Euc-S Man-P Man-S Cos-P Cos-S Euc-P Euc-S Man-P Man-S

STJ Iris 0.4030 0.5214 0.4766 0.5126 0.4767 0.5132 0.7244 0.7251 0.7077 0.7206 0.7069 0.7198
BERTimbau Large 0.2577 0.3956 0.3639 0.4031 0.3659 0.4039 0.6928 0.6932 0.6919 0.6928 0.6914 0.6928
BERTimbau Base 0.2621 0.4529 0.3776 0.4495 0.3770 0.4494 0.7178 0.7182 0.7185 0.7196 0.7176 0.7187
Legalbert-pt 0.2681 0.4674 0.3981 0.4730 0.3993 0.4754 0.6822 0.6703 0.6699 0.6680 0.6692 0.6674
RoBERTaLexPT-base 0.2736 0.4989 0.3902 0.4977 0.4051 0.5013 0.6156 0.6481 0.6631 0.6566 0.6638 0.6570
JurisBERT 0.2855 0.4646 0.4130 0.4660 0.4144 0.4665 0.7315 0.7162 0.6720 0.6913 0.6722 0.6910

Table 4: Pearson and Spearman correlations between similarity scores and reference scores, comparing original
models (without FN) and after FN.

linear agreement, Pearson, and monotonic agree-
ment, Spearman, with expected variations across
models depending on the induced geometry and
the sensitivity of each similarity function.

Table 3 provides a different and necessary read-
ing. Instead of evaluating pairs, it quantifies how
much the vector space separates instances into
cohesive and well-defined groups under classical
clustering algorithms. In the no-FN configura-
tion, centroid-based and hierarchical methods (Ag-
glomerative Clustering (Agg.) and KMeans) tend
to produce higher Silhouette values than density-
based approaches, with Legalbert-pt standing out
in Agg. (0.5075) and RoBERTaLexPT-base in
KMeans (0.4806). After FN, a reduction in the
Silhouette Score is observed for most models and
algorithms, which is consistent with the nature of
supervised training. By optimizing pairwise match-
ing, the model can reorganize the vector space in
favor of local neighborhoods that are important
for ranking, without necessarily maximizing the

global separation required by unsupervised parti-
tions. Even so, there are locally positive effects
in density-based methods, as in the HDBSCAN
results for STJ Iris, which reaches 0.1638 after FN,
suggesting greater regularity of densities in seman-
tically close regions even when global separation
does not increase.

The two readings, supervised fidelity on pairs
and the unsupervised structure of the space, are de-
liberately treated as complementary, because high
correlation does not, by itself, guarantee better over-
all organization of the collection under indexing
and continuous ingestion. This distinction is further
explored in the vector retrieval stage with incremen-
tal clustering on the hold-out set.

Figure 3 summarizes the combined effect of FN
and the index configurations on partitioning granu-
larity under the incremental rule with a 0.90 thresh-
old. Although cosine and IP are theoretically equiv-
alent when vectors are normalized ℓ2, we observed
differences in the partitioning under approximate
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Figure 3: Partitioning of the hold-out set induced by
the presence or absence of FN and by the metric con-
figured in the vector index, cosine or IP, under approxi-
mate HNSW search and the association rule with a 0.90
threshold. Each bar represents the number of clusters
resulting from each configuration. The labels “FN” and
“no FN” indicate models with and without FN, respec-
tively.

search (HNSW) and incremental ingestion in re-
gions near the threshold, where small variations in
the returned neighborhood can change association
decisions. Therefore, we treat the index similarity
configuration as an operational parameter to be cal-
ibrated jointly with the threshold and the encoder,
supported by qualitative validation to avoid exces-
sive merging of groups or artificial fragmentation
of the collection. From an applied perspective, this
reinforces the need for multi-metric validation and
qualitative checks to prevent, on the one hand, ex-
cessive group merging and, on the other, artificial
fragmentation of the collection.

The qualitative validation conducted by the busi-
ness area of the partner institution was decisive to
interpret the results beyond the aggregated metrics.
Samples of clusters and retrieved links were au-
dited, with checks of thematic coherence between
Facts and Legal Basis, detection of duplications,
and group stability under the incremental insertion
of new documents. Based on this procedure, STJ
Iris and BERTimbau Large were selected as bases
to derive specialized variants, resulting in the mod-
els LexIris-pt and LexBert-pt. These variants, ob-
tained through supervised FN, were incorporated
into the institution’s environment to support the
screening and organization of repetitive claims and
predatory litigation, constituting the main applied
contribution of this work to the Portuguese legal

Figure 4: Slice of a cluster obtained by vector retrieval
with the STJ Iris model. The nodes represent cases and
the edges indicate similarity in the index.

NLP ecosystem.
Figure 4 illustrates a slice of a cluster generated

by the vector retrieval approach to organize large
document collections, using the STJ Iris model.
The graph shows vertices representing cases and
edges weighted by the similarity in the index. The
image was selected as a visual example of the
grouping produced by the incremental procedure.

In summary, the results support a coherent pic-
ture. Zero-shot inference establishes a reproducible
baseline; FN consistently increases the fidelity of
similarity scores; and vector retrieval with incre-
mental clustering makes explicit the behavior at
scale and the dependence on the metric and thresh-
old, reinforcing the need for multi-metric evalua-
tion and human validation in heterogeneous legal
settings. Finally, the LexIris-pt4 and LexBert-pt5

variants were made available with documentation
and weights ready for inference on Hugging Face.

6 Conclusion

This study presented and evaluated two special-
ized sentence-embedding models for the Por-
tuguese legal domain, LexIris-pt and LexBert-pt,
trained from corpora of initial petitions. The
comparison across three complementary similarity-
measurement tracks (zero-shot, supervised FN, and
vector retrieval) indicates that FN consistently in-
creases the faithfulness of similarity scores, re-
flected in higher correlations under multiple met-
rics, and improves performance in operational
search and triage scenarios.

Expert validation by the partner agency con-
firmed the practical utility of the results and sup-

4https://huggingface.co/DIACDE/stjiris_tjgo_
diacde_sts

5https://huggingface.co/DIACDE/bertimbaularge_
tjgo_diacde_sts
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ported the operational adoption of the models, par-
ticularly their domain-adapted versions. In practice,
we observed gains in document triage and in orga-
nizing highly redundant sets, while preserving re-
producibility and a computational cost compatible
with continuous use. Nevertheless, improvements
in pairwise matching do not necessarily imply max-
imization of the global separation of the vector
space, reinforcing the importance of multi-metric
evaluation and human validation in heterogeneous
legal collections.

As next steps, we plan to incorporate sliding
windows or larger-context models to mitigate trun-
cation, perform continued pretraining with national
legal collections, explore hard-negative mining and
new contrastive losses, calibrate scores via tem-
perature scaling or isotonic regression, and adopt
active learning with experts. We also foresee ex-
plainability modules with anchored excerpts, multi-
institutional evaluation, and monitoring of semantic
drift in the production index.

Limitations

The corpus comes from a single jurisdiction, fo-
cuses on initial petitions, and covers a specific time
interval, which limits generalization to other in-
stitutions and case classes and requires external
validation. The texts were processed with a 512-
token limit without windowing, which may lose
information in long passages, and preprocessing
and deduplication choices may have removed rel-
evant variations. From an operational standpoint,
we did not measure end-to-end cost and latency,
nor did we isolate, in a controlled way, the causes
of the differences between cosine and IP under
approximate search; therefore, we treat these vari-
ations as an empirical configuration effect and re-
inforce the need for calibration with qualitative
validation. Finally, we did not evaluate temporal
drift, domain shift, or fairness, and there remains a
risk of indirect re-identification in long texts, even
after anonymization.

Ethical considerations

Data handling followed the LGPD guidelines, with
data minimization, anonymization, and replace-
ment of identifiers with hash keys when applicable,
as well as role-based access control and audit log-
ging. In addition, the corpus was anonymized in
accordance with CNJ guidelines for data handling
and protection in the context of the Judiciary. Ac-

cess to the dataset is provided upon request and
subject to formal institutional authorization, as de-
scribed for the corpus.

The models should not be used as substitutes for
judicial decision-making. Recommended use in-
cludes assisted screening, retrieval of similar cases,
and support for procedural standardization, always
under qualified human supervision. To mitigate
risks of bias and spurious associations, we adopted
pipeline documentation, expert review, and opera-
tional safeguards, including threshold calibration
and human fallback.
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