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Abstract

We present CITAR-NER-Br, a unified NER
dataset for direct extraction of fine-grained le-
gal citation subcomponents in Brazilian Por-
tuguese. CITAR-NER-Br annotates six citation
subcomponents over 270 legal documents from
LeNER-Br and Ulysses Tesemõ, capturing the
overlapping and discontinuous spans intrinsic
to legal citations. To the best of our knowl-
edge, this is the first unified NER dataset for
the legal domain specifically designed to rep-
resent discontinuous entities, which account
for 44.8% of annotations, the highest propor-
tion among existing legal NER corpora. We
establish baselines using four configurations
across three LLM-based and non-LLM NER
methods to support future research. Our ex-
periments demonstrate that, while non-LLM
methods achieve strong performance, they re-
main heavily reliant on high-quality training
data. Conversely, LLM-based methods achieve
overall lower performance, but require only
few-shot supervision. Moreover, the traditional
exact-match NER evaluation approach signif-
icantly penalizes LLM-based methods even
when their outputs preserve semantic accuracy.

1 Introduction

The digitalization of the Brazilian judicial system
has led to an unprecedented volume of legal doc-
umentation, requiring robust computational tools
to parse and analyze complex legal texts. A funda-
mental challenge in this domain is the accurate ex-
traction of legal citations (Câmara dos Deputados,
2018; Finatto and Macohin, 2026). In particular,

the Named Entity Recognition (NER) task, used
for identifying and classifying textual references
into categories (Santos et al., 2006; Li et al., 2022),
has been increasingly used in the legal field (Souza
et al., 2026). This task enables downstream ap-
plications such as automated legal search (Bel-
landi and Siccardi, 2025), legal document segmen-
tation (da Silva et al., 2022), and the construction
of high-fidelity knowledge graphs (Ngandu et al.,
2025). Additionally, by decomposing these cita-
tions into their constituent parts, legal information
systems can automatically cross-reference legal el-
ements across vast, heterogeneous legal documents,
enabling retrieval and analysis at the level of indi-
vidual citation subcomponents.

Current research in Brazilian legal NER largely
focuses on identifying broad legal components,
such as individual Laws and Precedents, and uni-
versal entities, such as Persons and Organizations,
most of them based on HAREM (Santos et al.,
2006), one of the first works in Portuguese NER.
For the extraction of legal citations, the literature
reveals two predominant approaches which we
term: Single-entity, which extracts the entire le-
gal citation as a single, joint entity, or Citation-
fragments, which decomposes the citation into
fragmented, disjointed entities. The example in
Figure 1 illustrates this distinction using a cita-
tion containing multiple subcomponents. Under
the Single-entity approach (Figure 1a), these com-
ponents are captured together as one entity (“Ar-
ticle 51, paragraph 2, of the Organic Law of the
Federal District”), whereas the Citation-fragments
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approach (Figure 1b) identifies the ARTICLE (“Ar-
ticle 51”), PARAGRAPH (“paragraph 2”), and LAW
(“Organic Law of the Federal District”) as isolated
spans. Both approaches require post-processing:
decomposition of monolithic entities for the for-
mer, and merging of ambiguous fragments for the
latter, thereby falling short of supporting the direct
extraction of resolvable citation subcomponents.

Figure 1: Translated snippet of CITAR-NER-Br showing
multiple approaches for legal citation NER: (a) Single-entity,
(b) Citation-fragments, and (c) Direct citation subcomponents.
The example highlights how increasingly specific legal sub-
components incorporate the contextual information required
for their resolution.

Considering these limitations, we present Direct
citation subcomponents, a novel approach that
extracts each citation subcomponent independently
while preserving the full context to ensure accurate
resolution. As illustrated in Figure 1c, the LAW
entity (“Organic Law of the Federal District”) is
extracted directly, while the ARTICLE entity (“Ar-
ticle 51 Organic Law of the Federal District”, a
discontinuous span in which the intervening text
is omitted) incorporates the LAW context required
to identify the legal provision to which it refers.
Furthermore, the PARAGRAPH entity (“Article 51
paragraph 2 Organic Law of the Federal District”)
incorporates both the ARTICLE and LAW contexts
in order to be fully resolvable. This representation
naturally produces overlapping and non-contiguous
spans, motivating the tasks of Overlapped and Dis-
continuous NER (Li et al., 2022; Yan et al., 2021).
Although this example provides a simple illustra-
tion of these structures, Brazilian legal documents
can contain substantially more complex and inter-
leaved citations. Figure 2c illustrates such a case,
where all citation subcomponents overlap with each
other, and every entity other than “Federal Consti-
tution” (LAW) is also discontinuous.

The task of jointly extracting flat, overlapped,
and discontinuous entities into a single, cohesive
framework is known as Unified NER (Li et al.,

Figure 2: Translated snippet of CITAR-NER-Br illustrating
the same three approaches to legal citation NER in a more
complex setting: (a) Single-entity, (b) Citation-fragments, and
(c) Direct citation subcomponents. The example highlights the
highly interleaved, overlapping, and discontinuous structure
of complex legal citations.

2022; Yan et al., 2021). In contrast to stan-
dard NER, which typically assumes that entities
correspond to single contiguous spans with non-
overlapping boundaries, Unified NER relaxes these
structural constraints, allowing entities to overlap
and to comprise multiple non-contiguous spans.
Accordingly, our proposed approach is not standard
sequence-labeling NER: a single textual segment
may participate in multiple entities, and the spans
composing an entity need not be adjacent.

Although unified NER can capture the inher-
ent complexities of human language, it has re-
ceived limited attention in the broader NLP litera-
ture. Moreover, the effectiveness of unified NER
methods is fundamentally tied to the quality and
structure of the underlying data, particularly when
dealing with the intricate patterns of overlap and
discontinuity. Even in the era of Large Language
Models (LLMs) with zero or few-shot techniques
(which do not require high-volume data for deploy-
ment), a high-quality, domain-specific benchmark
dataset is necessary for rigorously evaluating and
comparing the performance of NER methods.

To address the data availability gap, we present
CITAR-NER-Br (Citation Information Text An-
notation Resource), a novel Brazilian legal uni-
fied NER dataset specifically designed for the di-
rect extraction of legal citation subcomponents.
CITAR-NER-Br comprises 7,540 entities anno-
tated in 270 legal documents, sourced and ex-
panded from two previously published legal cor-
pora, LeNER-Br (Luz de Araujo et al., 2018) and
Ulysses Tesemõ (Siqueira et al., 2024). To the
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best of our knowledge, this is the first legal uni-
fied NER dataset, and the second unified NER
dataset in Brazilian Portuguese. In addition, 44.8%
of the entities in our dataset are discontinuous,
the highest reported proportion for such entities.
CITAR-NER-Br was annotated by nine computer
science researchers and was further refined through
a post-hoc LLM-based verification process to en-
sure high-fidelity labeling. Finally, using CITAR-
NER-Br, we implement and evaluate four config-
urations across three state-of-the-art NER meth-
ods, including both LLM-based and non-LLM ap-
proaches, thereby establishing baselines to support
future research in this field. Our experiments show
that the non-LLM supervised methods achieve the
strongest performance, although they are heavily
dependent on high-quality training data, which is
costly to obtain given the high cognitive load of
annotating complex discontinuous entities. Con-
versely, both configurations of the LLM-based
method yield worse overall performance but offer
a training-free, few-shot alternative. Furthermore,
our analysis reveals that traditional exact-match
NER evaluation heavily penalizes LLMs for minor
textual variations even when their outputs preserve
semantic accuracy, suggesting a need for more flex-
ible evaluation criteria.

The remainder of this paper is organized as fol-
lows: Section 2 reviews related work. Section 3
details the annotation process. Section 4 presents
the dataset and statistics. Section 5 describes the
experiments and discusses the results. Section 6
concludes the paper and outlines future directions.

2 Related Work

2.1 Legal NER in Brazilian Portuguese

Research in Brazilian Portuguese legal NER has
traditionally focused on identifying broad legal and
universal entities in legal documents. The LeNER-
Br dataset (Luz de Araujo et al., 2018), a founda-
tional benchmark in this area, provides annotations
with universal and specific legal entities in 70 doc-
uments, among which are 66 legal decisions from
several Brazilian Courts alongside four specific leg-
islation documents. The annotation scheme used
is restricted to flat entities, with law annotations
following the Single-entity approach.

The Ulysses project (Câmara dos Deputados,
2018) presents the UlyssesNER-Br corpus (Albu-
querque et al., 2022) with 950 legislative docu-
ments, comprising public bills (PL-corpus), in-

ternal documents (ST-corpus) and public com-
ments (C-corpus) (Costa et al., 2022), applying
universal and domain entity types. This corpus
was later expanded to UlyssesLegalNER-Br (Al-
buquerque et al., 2026) by leveraging Ulysses
Tesemõ (Siqueira et al., 2024), an unannotated col-
lection of 3.5 million legal texts. The extended
corpus adds new entities and introduces new cor-
pora, for case law (Juris-corpus), and the first NER
corpus exclusively with laws (Leis-corpus). All
UlyssesNER corpora follow the Single-entity ap-
proach and are restricted to flat entities.

Correia et al. (2022) present a more granular
perspective using documents from the Brazilian
Supreme Federal Court (STF). Their corpus fo-
cuses on law and precedent citations, academic
references and person names, extracting the main
citations along with their intrinsic subcomponents.
Their annotation scheme follows the Citation-
fragments approach, breaking law citations into
constituent parts. This work represents a signifi-
cant milestone as it is one of the few legal datasets
to incorporate both flat and overlapping entities,
acknowledging the hierarchical legal nature. How-
ever, their approach remains limited to the STF
domain and also stops short of directly extracting
resolvable citation subcomponents.

Beyond dataset construction, recent works have
proposed improvements to legal NER applications.
Garcia et al. (2024) present the RoBERTaLexPT
model, demonstrating that domain-adaptive pre-
training on mixed data outperforms larger generic
models in legal NLP tasks, including NER. Nunes
et al. (2024) improved NER performance on the
PL-corpus using a transformer-based self-learning
approach. Previous work has also highlighted
the applicability of NER for downstream legal
tasks, such as Anselmo and Ribas (2025), which
pseudonymize sensitive data in legal documents.

2.2 Unified NER datasets
Unified NER datasets, which encompass flat, over-
lapping, and discontinuous entities, have seen the
most significant development within the biomed-
ical domain. Representative datasets include
Share13 (Pradhan et al., 2013), Share14 (Mowery
et al., 2014), and CADEC (Karimi et al., 2015),
providing annotations of drug reactions and clini-
cal symptoms. In these benchmarks, discontinuous
entities typically account for approximately 10%
of the total annotations.

BioNestedNER (Schneider et al., 2026) repre-
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sents, to our knowledge, the first unified biomedical
NER dataset in Brazilian Portuguese, addressing
the complexity of nested and discontinuous clinical
entities. However, its proportion of discontinuous
entities is significantly lower than the average in
the literature (≈ 3%), demonstrating the need for
new corpora that expand the limits of structural
complexity. We use these works as a foundation
for the legal domain application, introducing the
first legal unified NER dataset with a significantly
higher proportion of discontinuous entities.

2.3 Unified NER Methods

Unified NER has driven diverse methods. Gener-
ative approaches, such as BART-NER (Yan et al.,
2021), treat NER as a sequence-to-sequence gen-
eration task. W2NER (Li et al., 2022) formulates
the task as a word-word relation classification task,
while T2-NER (Huang et al., 2023) formulates it
as a two-stage entity-relation extraction. However,
these supervised methods rely heavily on large an-
notated datasets. To mitigate this data reliance,
recent work explores LLMs for unified NER. GPT-
NER (Wang et al., 2025) relies on in-line tagging
methods, involving the entities with special char-
acters. PromptNER (Ashok and Lipton, 2023) uti-
lizes a comprehensive prompt design to extract en-
tities as a list. Unlike in-line tagging, this method
natively handles overlapping and discontinuous en-
tities in zero and few-shot settings. In this work,
we select BART-NER, W2NER, and PromptNER
as baselines to implement CITAR-NER-Br.

3 Annotation Setup

3.1 Data Collection

To build CITAR-NER-Br, we used the entire
LeNER-Br corpus, selected as our foundational
source as it is the most cited Brazilian legal NER
dataset in the literature. To enhance the diversity of
judicial styles, we further enriched our base using
200 documents from the Tesemõ corpus, based
on its diversity of open legal documents. The
documents were selected from two distinct Brazil-
ian courts, STJ and TRF5, with 100 documents
from each, ensuring a balanced representation of
the legal linguistic variation. These documents
were strategically selected because they feature
shorter court decisions than those typically found
in LeNER-Br, while still containing legal citations
as required for this study (see subsection 4.1). In
the following sections, we refer to these specific

subsets as UT-STJ and UT-TRF5. Because the
available files from both LeNER-Br and Ulysses
Tesemõ were already preprocessed, no further text
cleaning or preprocessing steps were required.

3.2 Entity Types
The entity scheme for CITAR-NER-Br was derived
from an extensive empirical analysis of legal cita-
tions present in the source documents. We iden-
tified six granular law subcomponents that are es-
sential for resolving and cross-referencing legal
mandates. Figure 2c provides visual examples of
each entity type in context. A brief description of
these entities is presented in Table 1. These entities
typically follow a Brazilian legal hierarchy (Brasil,
1998), presented below:

Law → Article →
{

Caput
Paragraph

}
→ Subsection → Point

Entity Type Description

LAW
(LEGISLAÇÃO)

Comprises only Brazilian legal acts with
power of law, including Law (Lei), Legisla-
tion (Legislação), Constitution (Constituição),
Decree-Law (Decreto-lei) and Constitutional
Amendment (Emenda Constitucional).

ARTICLE
(ARTIGO)

The primary organizational unit of a law.

CAPUT The opening text of a legal article.

PARAGRAPH
(PARÁGRAFO)

A secondary division providing specific de-
tails, exceptions, or clarifications to an article.

SUBSECTION
(INCISO)

Usually represented by Roman numerals,
these elements break down the contents of an
article or paragraph. For structural consistency
in our schema, this entity type also encom-
passes ITEM.

POINT
(ALÍNEA)

Lowercase lettered divisions typically nested
within a subsection.

Table 1: Taxonomy and description of the six granular law
subcomponents annotated in CITAR-NER-Br.

3.3 Annotation Guidelines
Given the high cost of recruiting legal experts for
large-scale annotation, we relied on computer sci-
ence researchers from our team. This choice was
motivated by the highly structured nature of the
annotation task, as legal citations feature highly
structured patterns (e.g., Roman numerals for sub-
sections; explicit anchors like “Article”) that allow
non-experts to perform the annotation reliably fol-
lowing appropriate guidelines and training, as re-
flected in the agreement scores reported below. The
team comprised nine native Brazilian Portuguese
speakers from public federal universities (four of
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whom had previous legal annotation experience),
and included two doctoral-level and one master’s-
level professors, one researcher with a PhD degree,
three doctoral students, and two undergraduate stu-
dents.

Following a preliminary training phase to align
guidelines, annotations were executed over three
cycles, with the first covering 20% of the data set to
get early feedback on the annotation workflow, and
the next two covering 40% each. Each cycle con-
sisted of three phases: annotation, Inter-Annotator
Agreement (IAA) measurement, and curation. To
measure IAA, we follow previous work and adopt
F1-score (Brandsen et al., 2020). Chance-corrected
agreement metrics such as Cohen’s Kappa require
defining the negative class, which is problematic
for span-based NER because the set of possible
non-entity spans is extremely large. Addition-
ally, Hripcsak and Rothschild (2005) show that,
when true negatives are abundant, the F-measure
approaches chance-corrected agreement. Further-
more, we compute F1 under strict exact-match cri-
teria, such that any difference in entity type or span
boundaries is treated as a disagreement. The scores
in Table 2 show consistent agreement, ranging from
0.73 to 0.89, with minor drops in the UT-STJ col-
lection due to a lower volume of entities, making its
scores more sensitive to individual disagreements.

Collection
Phase 1 Phase 2 Phase 3

Pairs Pairs Pairs

1 2 3 1 2 3 1 2 3

LeNER-Br 0.80 0.79 0.81 0.86 0.77 0.84 0.69 0.83 0.85
UT-STJ 0.79 0.65 0.92 0.92 0.61 0.68 0.82 0.72 0.87
UT-TRF5 0.84 0.70 0.76 0.97 0.80 0.98 0.85 0.85 0.85

Full 0.81 0.75 0.81 0.89 0.73 0.82 0.78 0.81 0.85

Table 2: Pairwise IAA (F1) per cycle, for the full dataset and
constituent collections.

(a) Hierarchy mistake. (b) Correct hierarchy.

Figure 3: Snippet of CITAR-NER-Br annotation in BRAT.

Following the IAA measurement phase, each cu-
rator reviewed the annotations of its designated pair
to resolve disagreements and correct overlooked
errors. Finally, before advancing to the subsequent
cycle, the entire team convened to analyze Inter-
Annotator Agreement (IAA) trends and establish
refined heuristics against recurring errors. All an-
notations were performed using BRAT (Stenetorp

et al., 2012)1, as it remains, to our knowledge, the
only open-source tool that supports discontinuous
entities.

3.4 Hierarchy Errors and LLM Verification

In the Brazilian legal system, the standard hierar-
chy in subsection 3.2 is occasionally violated in
some legislative texts. For example, one annotator
initially made an incorrect annotation (Figure 3a),
assuming that “§2º” (PARAGRAPH) was nested
within “VII” (SUBSECTION). However, verifica-
tion of the “CPC/2015” (the Brazilian Code of Civil
Procedure) reveals that these components actually
occupy the same hierarchical level. The corrected
annotation (Figure 3b) reflects this specific law’s
unique internal logic. Accurately identifying such
cases would require extensive prior knowledge or
manual verification of official sources for each ci-
tation. Given the corpus scale, requiring these ex-
ternal lookups for every entity would render the
annotation process impractical.

As an additional verification, we employed GPT-
4o (gpt-4o-2024-08-06) to review all annota-
tions for correctness and resolvability. Chosen
for its balance between reasoning ability and cost-
effectiveness, this LLM model was tasked with
identifying span errors and checking whether each
entity provided sufficient context for resolving a
specific law or subcomponent. Specifically, we
prompted the LLM with the following question: In
Brazilian legislation, does [ENTITY] exist? Is this
legal item a [ENTITY_TYPE]?2. We also added
few-shot examples (see Figure 6 in Appendix A
for more details). Temperature was set to 0 to miti-
gate model randomness. To evaluate the efficacy of
this cooperative step, a senior annotator manually
reviewed every LLM response.

Collection FP TP
(Changed)

TP
(Unchanged)

LeNER-Br 948 86 262
UT-STJ 56 0 39
UT-TRF5 44 1 45

Full 1,048 87 346

Table 3: LLM verification step performance in False Positives
(FP), True Positives with corrections (TP Changed), and True
Positives left intact (TP Unchanged) across the full dataset
and constituent collections.

Table 3 details the LLM-based verification per-
formance, revealing that the model generated a high

1https://brat.nlplab.org/
2Translated here for clarity; original prompt in Portuguese.
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volume of False Positives (FPs), accounting for
70.8% of responses. However, the strategy success-
fully uncovered 87 concrete corrections (5.9% TP
Changed) and 346 valid issues where annotations
could not be modified (23.3% TP Unchanged). The
main constraints preventing these 346 corrections
were temporal context (198 occurrences, 57.2%),
where verified entities existed historically at the
time of document drafting, followed by original ty-
pographic or spelling errors in the legal document
(139 occurrences, 40.2%).

4 CITAR-NER-Br Dataset

This section presents the descriptive statistics and
structural properties of CITAR-NER-Br. To quan-
tify linguistic characteristics, we perform tokeniza-
tion using the pt_core_news_lg model from the
spaCy library3. All annotation files are provided
in the standard BRAT span-character format. To
ensure transparency and reproducibility, the dataset
and the full base code are publicly available4.

4.1 Statistics

The corpus exhibits significant diversity in docu-
ment length and entity density. As shown in Fig-
ure 4a, documents in the LeNER-Br collection are
substantially longer than those in the UT-STJ and
UT-TRF5 collections, with some documents ex-
ceeding 20,000 tokens. This pattern is mirrored in
Figure 4b, where the number of entities per doc-
ument peaks in the LeNER-Br collection, often
reaching hundreds of annotations per file. Further-
more, Figure 4c reveals that, while most entity
spans are relatively concise (under 10 tokens), there
is a notable tail of longer, complex citations.

Figure 4d illustrates the presence of discontinu-
ous entities per document, where LeNER-Br main-
tains the highest density. Additionally, Figure 4e
shows the distance between fragments of discon-
tinuous entities, measured in tokens, on a logarith-
mic frequency scale. While the median fragment
distance is 9.0, the LeNER-Br collection contains
extreme outliers where fragments of a single entity
are separated by over 5,000 tokens, posing a sig-
nificant challenge for NER methods that assume
entities are formed by adjacent tokens. Finally, an
analysis of surface-form diversity reveals unique-
to-total ratios ranging from 62% to 80% for all en-
tity types except LAW, which has only 705 unique

3https://spacy.io/
4https://github.com/arttorres0/citar-ner-br

surface forms among 2,740 annotations (26%).

4.2 Data Split

We partitioned the annotated dataset into training,
development, and test sets using a 70/10/20 split.
Given the extreme variability in document lengths,
a simple document-count split would have resulted
in highly imbalanced sets. Instead, we performed
the split based on the total number of tokens to
ensure proportional representation. Furthermore,
we employed a stratified approach within each col-
lection across all splits to maintain a consistent
distribution of entity types both for all entities and
for discontinuous entities only (details in Table 4).

Figure 5 illustrates the split strategy, showing
highly stable proportions of entity types across the
train, dev, and test sets for every collection, includ-
ing when considering only discontinuous entities.
This consistency supports that test set performance
reflects generalization across the full corpus. Fur-
thermore, we verified that there was no document
leakage, ensuring that no document appeared more
than once across the dataset splits.

Collection Split Docs Tokens Unique
Tokens Entities Discont.

Entities

LeNER-Br
train 55 230,382 17,256 4,893 2,288
dev 7 38,022 5,879 518 242
test 8 62,419 7,606 919 333

UT-STJ
train 79 37,076 5,378 462 260
dev 11 6,104 1,775 87 40
test 10 9,971 2,703 86 49

UT-TRF5
train 69 26,714 5,726 399 107
dev 12 4,161 1,548 61 15
test 19 7,336 2,390 115 44

Full
train 203 294,172 22,031 5,754 2,655
dev 30 48,287 7,585 666 297
test 37 79,726 10,109 1,120 426

Table 4: Statistics across the splits of the full dataset and its
constituent collections.

4.3 Document Segmentation

The extensive length of legal documents presents
a computational bottleneck for most transformer-
based NER methods due to their strict input length
limits. Due to this constraint, all documents were
segmented into chunks of up to 200 subtokens us-
ing the BERTimbau tokenizer5 (Souza et al., 2020).
To ensure consistency, the BERTimbau tokenizer
was used solely for segmentation, while the spaCy
tokenizer was reserved for descriptive statistics.

5https://huggingface.co/neuralmind/
bert-base-portuguese-cased
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(a) Document lengths (b) Entities per document (c) Entity sizes

(d) Discontinuous entities per document (e) Discontinuous fragments distances (log-scaled frequency)

Figure 4: CITAR-NER-Br statistics. Lengths, sizes and distances are measured in tokens.

Figure 5: Entity distribution by dataset split and constituent
collection. Saturated (left) bars denote total entities; desatu-
rated (right) bars denote discontinuous entities only.

This constraint is particularly problematic for
long-distance discontinuous entities: when their
fragments fall into different chunks, the complete
entity cannot be represented within a single model
input and its annotation must therefore be dis-
carded. As shown in Figure 4e, although the me-
dian distance between discontinuous fragments is
9.0 tokens, extreme cases span over 5,000 tokens.

Collection Train Dev Test

LeNER-Br 1,623 (429) 258 (0) 437 (76)
UT-STJ 305 (6) 47 (0) 75 (4)
UT-TRF5 243 (1) 41 (0) 66 (13)

Full 2,171 (436) 346 (0) 578 (93)

Table 5: Total chunks across the splits of the full dataset and
its constituent collections. Values in parentheses indicate the
number of discarded annotations.

Table 5 summarizes the resulting chunk distribu-
tion and the total of discarded annotations. Trunca-

tion affects LeNER-Br (8.7% in the training split
and 8.3% in the test split), due to its longer frag-
ment distances, whereas UT-STJ and UT-TRF5 are
minimally impacted. This segmentation and the
resulting annotation removal apply exclusively to
non-LLM baselines, whereas the LLM-based base-
lines used the full documents and all entities.

5 Experiments

This section presents the evaluation of BART-NER,
W2NER, and PromptNER, three state-of-the-art
unified NER methods, implemented on CITAR-
NER-Br. Performance is measured using the tra-
ditional exact-match approach, requiring a perfect
alignment between predicted strings and gold entity
spans. The results comprise precision, recall, and
F1-score, and are generated via a custom, publicly
available evaluation script found in the CITAR-
NER-Br repository. Furthermore, while dataset
statistics are detailed per constituent collection to
show structural differences, we report experimental
results exclusively on the full dataset. This aligns
with our training setup, where models are exposed
to all collections simultaneously to robustly eval-
uate their generalization capabilities across the di-
verse spectrum of Brazilian judicial writing styles.

For BART-NER and W2NER, we used the orig-
inal hyperparameters from their respective exper-
iments on the CADEC, ShARe13, and ShARe14
datasets, with batch size reduced from 16 to 4 (GPU
constraints) and W2NER epochs increased from 10
to 30. We used BERTimbau as the W2NER pre-
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trained model. Training took 2h for W2NER and
11h40 for BART-NER on a single NVIDIA T4
GPU (16 GB VRAM, 16 vCPUs, 60 GB RAM).

For PromptNER, we follow the original prompt
design but replace generic templates with domain-
specific guidelines. We also include five strati-
fied few-shot samples from the training split, aug-
mented with negative entity samples per Prompt-
NER guidelines. The template is in English (ex-
cept for input texts and entity types) and is detailed
in Figure 7 (Appendix A). We retain English for
the prompt instructions to remain consistent with
the original PromptNER setup and avoid introduc-
ing prompt language as an additional experimental
variable. Nevertheless, the input documents and ex-
tracted entities remain in Brazilian Portuguese, so
the underlying NER task is performed entirely over
Portuguese text. We evaluate using Gemini v3.1
Pro (gemini-3.1-pro-preview, temperature=0)
and ChatGPT v5 (gpt-5-2025-08-07, tempera-
ture=1, the minimum value allowed).

Finally, evaluating PromptNER on discontinu-
ous entities is challenging because its text-based
output lacks explicit layout offsets. We classify
a predicted entity as continuous if it appears as
an exact substring of the input, and discontinuous
otherwise; misclassifications of conceptually con-
tinuous entities with minor text variations were
exceptionally rare in our experiments.

5.1 Quantitative Results and Analysis
Table 6 reports per-type and micro-average met-
rics. Evaluating all entities, BART-NER leads
with a micro-F1 of 0.86, followed by W2NER
(0.73), while PromptNER substantially underper-
forms (Gemini 0.47, ChatGPT 0.31). On disconti-
nuous entities, the gap widens: BART-NER stays
consistent, with a micro-F1 of 0.73, while W2NER
drops to 0.55 due to weakness outside ARTICLE,
and ChatGPT and Gemini yield near-zero scores.

These results reveal key insights into how dis-
tinct architectures process complex, multi-layered
citations. W2NER’s high precision on LAW spans
suggests that its grid-based word-word relation ma-
trix effectively handles local boundary constraints
for continuous legal entities, yet its drop in per-
formance on discontinuous subcomponents indi-
cates that word-word relation classification strug-
gles with long-distance structural dependencies.
Conversely, BART-NER’s autoregressive sequence-
to-sequence design proves highly adaptable to dis-
continuous syntax, as formulating extraction as a

target text generation problem naturally bypasses
physical token-distance constraints. Finally, the
high contrast between the high precision and low
recall of the LLM-based configurations highlights
a conservative generation bias, showing that, while
ChatGPT and Gemini can accurately extract highly
visible subcomponents, they suffer from a severe
tendency to omit dense legal entities entirely.

5.2 Error Analysis and Discussion
A closer inspection of the outputs of each unified
NER method reveals various error profiles. For
BART-NER, failures stem from occasional spelling
variations and truncated or excess tokens during
autoregressive text generation. For instance, it fails
by predicting “Law 9.717/1998 art. 102, I, f, of the
constitutional text” instead of “art. 102, I, f, of the
constitutional text”, inadvertently adding excess
tokens. Despite these anomalies, its autoregres-
sive architecture is the most effective in capturing
the rigid syntax of Brazilian legal citations, achiev-
ing the most balanced performance. Conversely,
W2NER’s grid classification schema relies heavily
on local contextual consistency, leaving it prone to
relation fragmentation. It struggles to build long-
range classification chains for distant discontinu-
ities. Additionally, occasional type misclassifica-
tions occur due to bias toward the initial tokens of
a prediction string. For example, it misclassifies
the prediction “art. 24, § 1º, of CF” as ARTICLE,
when it is actually a PARAGRAPH. This explains
its substantial performance drop in types other than
LAW and ARTICLE. Overall, both BART-NER and
W2NER performed well across the board, though
at the cost of requiring large volumes of annotated
data, a substantial challenge considering the ex-
treme complexity of discontinuous entities.

Both PromptNER configurations highlight the
steep limitations of unified NER LLM-based meth-
ods. Failures of PromptNER via ChatGPT stem
from the extreme difficulty of identifying discon-
tinuous entities. For instance, when analyzing “art.
102, I, f, of constitutional text”, it successfully ex-
tracts the continuous entities (POINT and LAW) but
misses the discontinuous entities (ARTICLE and
SUBSECTION). PromptNER via Gemini, on the
other hand, demonstrates a much better capacity
for generating discontinuous predictions. However,
it is severely penalized by the traditional exact-
match evaluation approach, which treats minor
normalization shifts as complete misses, such as
when predicting “art. 102 of constitutional text”,
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BART-NER W2NER PromptNER
(ChatGPT v5)

PromptNER
(Gemini v3.1)

Subset Entity Type P R F1 P R F1 P R F1 P R F1

All
Entities

LAW 0.93 0.94 0.93 0.96 0.96 0.96 0.90 0.28 0.43 0.89 0.52 0.65
ARTICLE 0.87 0.86 0.87 0.59 0.82 0.69 0.40 0.16 0.23 0.40 0.29 0.33
CAPUT 1.00 0.85 0.92 0.00 0.00 0.00 0.25 0.14 0.18 0.75 0.64 0.69
PARAGRAPH 0.69 0.76 0.72 0.53 0.24 0.33 0.51 0.24 0.32 0.58 0.55 0.57
SUBSECTION 0.72 0.70 0.71 0.42 0.20 0.27 0.36 0.17 0.23 0.32 0.25 0.28
POINT 0.72 0.68 0.70 0.40 0.08 0.13 0.29 0.07 0.11 0.54 0.45 0.49

Micro avg. 0.86 0.86 0.86 0.73 0.72 0.73 0.56 0.21 0.31 0.58 0.40 0.47

Discontinuous
Entities

LAW 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ARTICLE 0.85 0.80 0.82 0.62 0.75 0.68 0.04 0.02 0.02 0.11 0.09 0.10
CAPUT 1.00 0.71 0.83 0.00 0.00 0.00 0.00 0.00 0.00 0.38 0.38 0.38
PARAGRAPH 0.62 0.65 0.63 0.53 0.27 0.36 0.00 0.00 0.00 0.27 0.27 0.27
SUBSECTION 0.62 0.62 0.62 0.36 0.25 0.29 0.00 0.00 0.00 0.04 0.03 0.03
POINT 0.38 0.40 0.39 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.09 0.07

Micro avg. 0.75 0.72 0.73 0.56 0.53 0.55 0.02 0.01 0.01 0.11 0.10 0.10

Table 6: Precision, Recall, and F1-score for each unified NER method across all entity types on the test set, evaluated for both
all entities and discontinuous entities only.

with an excess token, instead of “art. 102 consti-
tutional text”. This approach also penalizes the
ChatGPT configuration when it introduces slight
spelling variations, such as when predicting cap-
italized “Art. 16 of Law 8.443/1992” instead of
“art. 16 of Law 8.443/1992”. Because these slight
syntactic variations may preserve the underlying
semantic accuracy, these systematic mismatches
highlight a limitation of exact-match evaluation
for generative NER. More flexible criteria could
account for such surface-level variations through
semantic-aware evaluation or normalization of pre-
dicted and reference entities. Another possibility
is to link extracted entities to canonical legal refer-
ences, allowing syntactically different predictions
to be assessed based on whether they resolve to
the same underlying entity. Furthermore, despite
their overall worse performance than the non-LLM
methods, they offer a key trade-off by requiring
zero training and relying only on few-shot samples.

6 Conclusion and Future Work

In this work, we presented CITAR-NER-Br, a novel
unified NER dataset explicitly designed for the di-
rect extraction of fine-grained legal citation sub-
components in Brazilian Portuguese. Unlike exist-
ing resources that rely on monolithic single-entity
definitions or disjointed citation fragments, CITAR-
NER-Br introduces a new paradigm by directly
capturing overlapping and discontinuous legal ele-
ments. CITAR-NER-Br has the highest proportion
of discontinuous entities (44.8%) among known
unified NER benchmarks and fills a critical gap
in legal NLP by providing a structured, domain-
specific resource for evaluating state-of-the-art uni-

fied NER methods. To ensure high-fidelity labeling,
we employed a cooperative LLM verification step
to further refine the human annotations.

Our baseline experiments revealed clear per-
formance trade-offs across distinct paradigms.
Non-LLM methods, specifically BART-NER and
W2NER, demonstrated strong capabilities in iden-
tifying the intricate boundaries of legal entities,
though this robustness comes at the expense of re-
quiring substantial volumes of high-quality training
data, a costly process considering the complexities
of annotating discontinuous entities. Conversely,
the LLM-based prompting method PromptNER
achieved lower overall performance scores while
offering a training-free alternative that requires
only a handful of few-shot samples.

These findings open two promising avenues for
future research. First, given the underperformance
of LLM-based methods, we aim to investigate spe-
cialized prompt architectures and in-context learn-
ing strategies tailored for unified NER, including
Portuguese-language prompting and Portuguese-
adapted LLMs, to improve the models’ ability to
extract deeply interleaved and discontinuous en-
tities. Second, our analysis underscores the lim-
itations of the traditional exact-match evaluation
approach in generative contexts. Because LLM-
based methods typically introduce minor syntactic
or spelling variations, this approach severely penal-
izes them. We intend to investigate more flexible
evaluation criteria for generative unified NER, in-
cluding semantic-aware and normalization-based
approaches that account for structural alignment
while remaining resilient to surface-level textual
variations.
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Limitations

The first limitation stems from the LLM-based ver-
ification process. Although it proved valuable for
filtering and correcting annotations, it yielded a
high number of false positives. Hence, future work
will focus on refining this verification method by
incorporating self-correction routines and more de-
tailed prompting rules. This refinement will en-
sure greater precision in automated validation, ul-
timately laying the foundational basis for future
annotation tasks to reliably deploy LLMs as co-
operative annotation tools, especially in scenarios
where domain-specific experts are unavailable or
cost-prohibitive.

Another limitation concerns the generalization
of our approach to other languages and legal
systems. Legal citation conventions are closely
tied to jurisdiction-specific structures and drafting
practices, and the hierarchical patterns captured
by CITAR-NER-Br reflect the characteristics of
Brazilian legislation. Consequently, the proposed
entity schema and its patterns of overlap and dis-
continuity may not transfer directly to jurisdictions
with different citation conventions or legal struc-
tures. Cross-lingual transfer methods and domain-
adaptive prompting provide promising directions
for adapting the approach to these different settings.

Finally, despite BART-NER’s strong perfor-
mance, extracting complex legal hierarchies di-
rectly remains a challenge. We plan to explore alter-
native architectures such as T2-NER, which refor-
mulates unified NER as a two-stage entity-relation
extraction task. Implementing this pipeline will
require post-processing CITAR-NER-Br by trans-
forming every discontinuous entity into a group
of fragments bound by relational links. This pro-
grammatic conversion ensures that the dataset’s
structural schema can be accurately mapped across
the T2-NER pipeline while remaining completely
traceable back to its original Direct Citation Sub-
components design. By breaking down discontin-
uous citations into these independent fragments
(Citation-fragments approach) and reconstructing
them into discontinuous entities via a relational
layer, this architecture can serve as a more robust
and scalable parsing mechanism for legal citations
in Brazilian Portuguese.

Ethical Considerations

The development and publication of CITAR-NER-
Br adhere to strict ethical and legal standards, since

all source documents in CITAR-NER-Br are part of
either LeNER-Br or Ulysses Tesemõ, and both cor-
pora are entirely publicly available and do not pose
any data sensitivity concerns. Furthermore, the
source documents were reused in compliance with
their original licensing terms, as LeNER-Br is dis-
tributed under the MIT license and Ulysses Tesemõ
under the CC BY-NC 4.0 license. To support open
science, CITAR-NER-Br is published under a CC
BY 4.0 license. Regarding the annotation process,
all members of the annotation team participated
as volunteers, and no financial compensation was
involved. Finally, the authors declare no conflicts
of interest regarding the publication of this work.
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Figure 6: LLM verification step prompt.
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Figure 7: Adapted PromptNER prompt for the task of direct extraction of legal citation subcomponents using unified NER.
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