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Abstract. Information Extraction (IE) techniques transform unstructured data
into structured knowledge, which is useful for constructing knowledge graphs
and downstream tasks. Named Entity Recognition (NER) and Relation Extrac-
tion (RE) are fundamental IE tasks for identifying entities and semantic rela-
tions in texts. This work presents a Portuguese annotated news dataset for NER
and RE across multiple domains. The objective is to make the dataset publicly
available and evaluate a state-of-the-art technique (Partition Filter Network)
for these tasks. Results show consistent performance in joint extraction and
highlight the impact of domains, mainly on RE, which requires contextual un-
derstanding.

Resumo. Técnicas de Extração de Informação (EI) transformam dados não
estruturados em conhecimento estruturado, útil para construção de grafos de
conhecimento e tarefas subsequentes. Reconhecimento de Entidades Nomeadas
(NER) e Extração de Relações (ER) são tarefas fundamentais de EI para iden-
tificar entidades e relações semânticas em textos. Este trabalho apresenta um
novo conjunto de dados de notı́cias em português anotado para NER e ER em
múltiplos domı́nios. O objetivo é disponibilizar a base e avaliar uma técnica
do estado da arte (Partition Filter Network) para essas tarefas. Resultados
mostram desempenho consistente na extração conjunta e evidenciam o impacto
dos domı́nios, principalmente em RE, que requer entendimento contextualizado.

1. Introduction
Knowledge Graphs (KGs) are essential structures for organizing, retrieving, and integrat-
ing information across a wide range of applications, including search engines, recommen-
dation systems, and content management platforms [Hogan et al. 2021]. By structuring
information extracted from different contexts, KGs enable more efficient knowledge re-
trieval and support data-driven applications that require precise and context-aware infor-
mation.

One main problem of building KGs is structuring information from text data. In-
formation Extraction (IE) aims to transform unstructured textual content into structured



representations suitable for storage and processing [Jurafsky and Martin 2026]. Among
the most common IE tasks are Named Entity Recognition (NER), responsible for iden-
tifying and classifying textual entities, and Relation Extraction (RE), which identifies
semantic relationships between entities. Together, these tasks enable the extraction and
organization of structured information from textual data.

News portals represent a continuous source of information about people, organiza-
tions, locations, and events [Opdahl et al. 2023]. Due to their diversity of topics and writ-
ing styles, news articles constitute a relevant scenario for evaluating IE techniques. Ad-
ditionally, news texts frequently contain complex semantic relations and domain-specific
vocabulary associated with areas such as politics, sports, economics, and entertainment,
which directly influences extraction performance.

Although IE has been extensively studied, much of the literature focuses on
improving extraction architectures or constructing new datasets and knowledge re-
sources [Popovski et al. 2020, De et al. 2025, Blouin et al. 2024, Nunes et al. 2024]. In
the Portuguese language context, resources for joint Named Entity Recognition and Re-
lation Extraction in the news domain remain limited, particularly for datasets covering
multiple domains.

More recently, joint extraction approaches have gained attention as an alterna-
tive to traditional pipeline architectures for NER and RE. Instead of treating NER and
RE as independent tasks, joint models aim to capture dependencies between entities and
relations while reducing error propagation between stages [Li et al. 2022]. Transformer-
based architectures have played an important role in the advancement of these approaches,
particularly in multilingual and domain-adapted scenarios [Utino and Marcacini 2025].

This work presents a new Portuguese-language dataset constructed from news ar-
ticles and annotated for joint entity and relation extraction. Furthermore, the performance
of a joint extraction architecture based on the Partition Filter Network is evaluated across
different news domains, analyzing how domain characteristics influence NER and RE per-
formance. The results demonstrate the feasibility of applying joint extraction techniques
to Portuguese news datasets and provide insights into the impact of domain variability on
IE tasks. Therefore, the contributions of this work are: a new Portuguese annotated news
dataset, and the evaluation of state-of-the-art techniques for joint NER and RE, exploring
configurations and performance in different text domains.

This paper is organized as follows. Section 2 discusses related work, while Sec-
tion 3 provides a brief background on the concepts used in the paper. Section 4 details the
proposed dataset, the joint extraction model, and the experiments. Section 5 presents the
results, and Section 6 concludes the paper.

2. Related Work

In general, Information Extraction tasks such as NER and RE have been addressed
using pipeline-based approaches [Nasar et al. 2021], where each task is performed in-
dependently. In this setting, entities are first identified and used as input for rela-
tion extraction models. Although simple, pipeline architectures are susceptible to error
propagation, since errors in entity recognition directly affect relation extraction perfor-
mance [Celian et al. 2025].



Recently, joint extraction approaches have gained attention in the literature as a
strategy to perform NER and RE tasks while reducing inter-task error propagation and ef-
fectively capturing dependencies between entities and relations [Giorgi et al. 2019]. Ac-
cording to recent surveys, advances in this area have been strongly associated with the
adoption of Transformer-based architectures [Celian et al. 2025].

One of the main challenges in joint extraction is balancing shared contextual rep-
resentations while avoiding negative transfer between tasks. To address this issue, the Par-
tition Filter Network (PFN) [Yan et al. 2021] partitions representations into task-specific
and shared components, enabling the model to jointly learn NER and RE while preserv-
ing task specialization. Motivated by these advantages, this work adopts PFN as the base
architecture for jointly modeling NER and RE tasks.

Another challenge in Information Extraction concerns domain adaptation. Al-
though Transformer-based models achieve strong results on general-domain benchmarks,
their performance often degrades in specialized or heterogeneous domains. Studies
demonstrate this limitation by evaluating state-of-the-art models on technical documents
from the oil and gas industry, reporting a substantial performance reduction compared to
general-domain datasets [Ticianeli et al. 2024].

Joint extraction in Portuguese is constrained by a scarcity of annotated data, as
most existing resources focus solely on NER, such as HAREM [Santos et al. 2006] (gen-
eral text) and LeNER-Br [Luz de Araujo et al. 2018] (legal domain). For joint NER
and RE, datasets are rare and domain-specific, such as Bete [Lucas et al. 2023] (dia-
betes healthcare). Other Portuguese RE studies are restricted to narrow domains like
finance [Reyes et al. 2021] and labor law [Quinta de Castro and Da Silva 2025], or eval-
uate joint models on English corpora like NYT [Li et al. 2022]. Consequently, a Por-
tuguese news dataset featuring joint NER and RE annotations is still lacking. We address
this gap by introducing and evaluating a new news dataset designed specifically for joint
extraction.

In this context, the present work evaluates a joint extraction approach based on
PFNs on a dataset of Portuguese news from multiple domains, including both highly
specialized domains and general news portals. Our analysis investigates how domain
heterogeneity impacts the performance of NER and RE, particularly in relation extraction
tasks, which require a more specialized contextual understanding.

3. Background
NER is a fundamental task in Information Extraction and plays a central role in Natu-
ral Language Processing (NLP) applications. According to [Jurafsky and Martin 2026],
the objective of NER is to identify textual mentions of real-world entities and classify
them into predefined categories, such as Person (PER), Location (LOC), and Organiza-
tion (ORG). Because entity identification directly impacts downstream extraction tasks,
NER serves as the foundation for more complex applications, including Question An-
swering, Sentiment Analysis, Knowledge Base Population, and Relation Extraction (RE).
As highlighted by [Nasar et al. 2021] and [Al-Moslmi et al. 2020], entity recognition is a
critical step in transforming unstructured textual data into structured representations that
can be linked to external knowledge sources.

RE complements NER by identifying semantic associations between recognized



entities in a given context. According to [Jurafsky and Martin 2026], the goal of RE is
to detect and classify the semantic relationship that holds between pairs of entities. For
example, Figure 1 shows a sentence with recognized entities of type TITLE, PERSON,
and DATETIME, and an acted in relation connecting the actor (subject) to the movie
(object). Formally, the task aims to extract triples of the form (ei, r, ej), where ei and ej
represent entities and r denotes the semantic relation between them. Since RE strongly
depends on the quality and contextual interpretation of entity representations, both tasks
are closely connected and often benefit from joint modeling approaches.

O agente secreto
title

começa com o retorno do protagonista ( Moura
person

)

para sua cidade-natal, nos anos 1970
datetime

.

acted in

Figure 1. Example of NER and RE annotations in a typical news article sentence.

Bidirectional Encoder Representations from Transformers (BERT), introduced by
[Devlin et al. 2018], represent a significant advancement in Natural Language Process-
ing. Unlike traditional language models that process text unidirectionally, BERT is based
on the Transformer encoder architecture [Vaswani et al. 2017] and employs bidirectional
contextual representations through self-attention mechanisms. This allows the model to
simultaneously consider both left and right contexts when encoding words. In Information
Extraction tasks, contextual representations are especially important because entity recog-
nition and relation extraction frequently depend on semantic context distributed across the
sentence. In this work, we adopt BERTimbau [Souza et al. 2020] as the language repre-
sentation model due to its adaptation to the Portuguese language.

Class imbalance is another important challenge in IE tasks, particularly in RE
datasets where a few majority classes dominate the training process. In our dataset, re-
lations such as also known as and is are substantially more frequent than minority
relations such as coach of and created by. To address this issue, [Lin et al. 2020]
proposed Focal Loss, an extension of the standard Cross-Entropy Loss designed to reduce
the influence of easily classified samples during optimization. The objective of Focal Loss
is to introduce a modulating factor that down-weights “easy” examples, forcing the model
to focus more strongly on difficult and minority class instances.

The Partition Filter Network (PFN), introduced by [Yan et al. 2021], is a neural
architecture designed for the joint extraction of entities and relations. Traditional ap-
proaches often treat NER and RE as sequential pipeline tasks, which may lead to error
propagation, or as parallel tasks with limited information sharing. In contrast, PFN explic-
itly models the bidirectional interaction between entity recognition and relation extraction
through a partitioning and filtering mechanism.

The core idea of PFN is to divide hidden representations into three components:
an entity-specific partition, a relation-specific partition, and a shared partition containing
information relevant to both tasks. A partition filter unit then controls the information



flow between these components, allowing the model to preserve task-specific representa-
tions while simultaneously learning shared contextual dependencies. This strategy helps
mitigate negative transfer, a phenomenon in which irrelevant information from one task
negatively affects the performance of another. Given the strong dependency between NER
and RE in news texts, PFN was selected in this work because of its ability to jointly model
both tasks while reducing error propagation and improving contextual interaction between
entities and relations.

The combination of Transformer-based contextual representations, imbalance-
aware optimization techniques, and joint extraction architectures provides an effective
framework for IE in heterogeneous Portuguese-language news domains. In this context,
this work investigates how these techniques contribute to improving the robustness of
NER and RE performance across different journalistic domains.

4. Methodology
This section details the proposed Portuguese News Dataset, the model architecture, the
techniques applied to enhance performance, and the experimental setup.

4.1. Portuguese News Dataset

One of the primary contributions of this work is a novel dataset for NER and RE tasks
in Portuguese. The main source of news is the Globo news website and its correspond-
ing subdomains 1. The 194 articles comprising the dataset were sampled from multiple
domains, such as sports, politics, and entertainment.

The annotation process was performed using the Doccano plat-
form [Nakayama et al. 2018]. Four experts, including the author, labeled the corpus
based on well-established definitions. To ensure data quality, the annotation adopted
a cross-validation approach: each document was initially annotated by one expert and
subsequently reviewed by another. Discrepancies were resolved through consensus to
ensure the reliability of the ground truth without relying solely on a single perspective.
The final dataset comprises 12, 521 entities across 17 classes and 1, 813 positive semantic
relations over 15 categories.

Table 2 summarizes the distribution of the entity types. Categories such as
person (2, 131 entities) and title (1, 993 entities) are the most frequent classes, while
classes like fac and commodity represent minority samples. The relation classes are
presented in Table 1. There are 15 relation categories in total. is (820 instances) and
also known as (382 instances) represent the majority classes, whereas relations like
coach of and formerly played for have only 14 and 34 instances, respectively 2

4.2. Negative Sampling and Data Augmentation

Articles (up to 8, 280 words, 625.21 ± 740.49 on average) are split into sentences to ac-
commodate the BERT context limit and because most relations are intrasentential. Con-
sequently, the 194 news articles are divided into 3, 576 annotated sentences.

1Available at https://somos.globo.com/marcas/.
2The full description, workflow and annotated dataset are available for download at https://

github.com/derliaparecida/NewsER under the Creative Commons Attribution-NonCommercial
4.0 International (CC BY-NC 4.0) license.



Table 1. Distribution of relation types (total of 2,379).

Relation Type Frequency Relation Type Frequency
is 820 member of 57
also known as 382 part of 54
participated in 255 owner of 43
located in 202 created by 41
acted in 128 manager of 36
works for 121 formerly played for 34
is related to 109 coach of 14
plays for 83

Table 2. Distribution of entity types (total of 12,521).

Entity Type Frequency Entity Type Frequency
person 2131 datetime 368
title 1993 event 337
org 1580 agricultural product 321
gpe 1487 sports 254
food 818 policy or law 242
product or service 763 food item 242
gov body 646 commodity 194
loc 511 fac 163
norp 471

To help distinguish non-existent relations [Zhang et al. 2017], we generated a di-
rected Cartesian product of all entities in each sentence. Unannotated pairs {(ei, ej)|i ̸=
j} were labeled as (ei,no relation, ej), yielding 43, 615 negative relations.

We also used data augmentation [Wei and Zou 2019] by replacing head and tail
entities in existing triples with candidates from type-constrained gazetteers. This pre-
serves semantic consistency and directionality while introducing lexical variety. Conse-
quently, the training set expanded from 3, 576 to 5, 359 instances (adding 1, 862 synthetic
samples), ensuring minority classes reached at least 300 samples each to improve model
learning.

4.3. Experimental Setup
We adopt the PFN [Yan et al. 2021] model with the following refinements:

BERTimbau as the sentence encoder: since it is specialized for the Portuguese lan-
guage [Souza et al. 2020];

Focal Loss: replaces the standard cross-entropy with Focal Loss (using γ = 2.0), which
down-weights easy-to-classify negative samples and focuses the gradient updates
on “hard” minority instances [Lin et al. 2020];

Class Weighting: assigns higher penalty weights to underrepresented classes during the
loss calculation to ensure more equitable feature learning [King and Zeng 2001].

The dataset was partitioned into training, validation, and testing sets using an
80/10/10 split. The experiments were conducted in four incremental phases to evaluate
the impact of each technique:



1. Baseline: PFN with BERTimbau and standard settings.
2. PFN-A: Integration of data augmentation.
3. PFN-A-F: Integration of augmentation and focal loss.
4. PFN-A-F-W: Full configuration including augmentation, Focal Loss, and Class

Weighting.

During the experimental phase, all configurations were trained for 30 epochs to
compare performance. After identifying the best-performing configuration (PFN-A-F-
W), a final training run of 100 epochs was conducted to ensure full convergence. The
remaining parameters follow the recommendations of the PFN proposal [Yan et al. 2021]:
AdamW optimizer, learning rate of 2 × 10−5, batch size of 20, PFN hidden size of 300,
dropout and drop-connect of 0.1.

We evaluate the model performance using Precision, Recall, and F1-score. We
report micro-averaged scores to assess the overall per-sample performance. Due to the
high class imbalance, we also show macro-averaged scores for entity types, relation types,
and news article domains to assess performance across minority classes.

5. Results

Table 3 shows the micro F1-score of the PFN model in different configurations for the
NER and RE tasks on the validation dataset using 30 epochs. The baseline PFN model
already demonstrates good NER performance (F1-score of 0.820), but RE is consider-
ably harder (F1-score of 0.506). By adding Data Augmentation, Focal Loss, and Class
Weighting, there was a mild improvement (F1-score of 0.822 and 0.579 for NER and RE,
respectively). Therefore, PFN-A/F/W is considered the best configuration.

Table 3. Micro F1-scores for configurations with data augmentation, focal loss,
and class weights, using 30 epochs on validation dataset.

Model Aug. Focal Weights NER F1 RE F1

Baseline PFN Off Off Off 0.820 0.506
PFN-A On Off Off 0.814 0.544
PFN-A/F On On Off 0.810 0.572
PFN-A/F/W On On On 0.822 0.579

Table 4 shows the evaluation of the PFN-A/F/W configuration trained for 100
epochs on the test dataset. Overall, the NER prediction achieves over 0.83 for precision,
recall, and F1-score. The prediction of RE triples has a recall of 0.577, a precision of
0.636, and an F1-Score of 0.605. Domains like valor and valoroneinterno show
good performance (NER F1-Score above 0.80 and RE F1-Score above 0.60), while g1
and oglobo have lower F1-Scores, mainly on RE (below 0.45). This is primarily due
to valor and valoroneinterno having highly focused articles on themes like econ-
omy and finance, while g1 and oglobo contain general factual news. Domains such as
techtudo, cbn, umsoplaneta, gshow, casavogue, crescer, receitas, gq
are not included in Table 4 because there are not enough NER or RE test samples.

Macro precision, recall, and F1-scores for NER entities are presented in Table 5.
Entity types agricultural product, gov body, gpe, person, sports, and



Table 4. Micro Precision, Recall and F1-scores for each domain on the test
dataset using PFN-A/F/W with 100 epochs.

Domain NER RE

Precision Recall F1-Score # Precision Recall F1-Score #

valor 0.890 0.8725 0.881 102 0.800 0.546 0.649 22
marieclaire 0.800 0.800 0.800 5 1.000 1.000 1.000 1
valor-investe 0.917 1.000 0.957 11 1.000 0.833 0.909 6
ge 0.822 0.887 0.853 141 0.500 0.467 0.483 30
memoriaglobo 1.000 1.000 1.000 3 1.000 1.000 1.000 1
glamour 0.674 0.756 0.713 41 0.333 0.273 0.300 11
epocanegocios 0.886 0.886 0.886 35 0.750 0.750 0.750 4
pegn 0.739 0.773 0.756 22 0.500 0.250 0.333 4
globorural 0.896 0.885 0.890 80 0.571 1.000 0.727 4
valoroneinterno 0.844 0.862 0.853 138 0.762 0.640 0.696 25
quem 0.800 0.897 0.846 58 0.600 0.286 0.387 21
g1 0.812 0.876 0.843 217 0.563 0.360 0.439 25
extra 0.833 0.862 0.848 58 0.714 0.833 0.769 6
oglobo 0.768 0.808 0.787 229 0.353 0.353 0.353 17
monet 0.900 0.900 0.900 10 0.667 0.400 0.500 5

All 0.834 0.858 0.846 1214 0.636 0.577 0.605 182

policy or law show good performance (F1-Score above 0.88), possibly because these
are associated with proper nouns. However, entities like datetime, event, and food
have relatively poor results (F1-Score below 0.7), since there are many more ways to
express these entity types.

Likewise, macro precision, recall, and F1-score test values for RE using
PFN-A/F/W with 100 epochs are presented in Table 6. The best performing rela-
tion type extractions are also known as and is (F1-Score above 0.67). These
relations possibly connect semantically similar terms, which favors BERT infer-
ence. Relations like located in and participated in have relatively poor
performance (F1-Score below 0.47), which could be explained by the fact that
these require understanding of a broader context, like information outside a sin-
gle sentence. For example, in the sentence of Figure 2, the model must identify
Libertadores as an event where Danilo plays for the team Bahia to extract the
triple (Danilo,participated in,Libertadores). Such cases are considerably
more challenging than relations that are commonly associated with explicit lexical pat-
terns.

O Danilo
person

teve 90 minutos e deu uma colaboração gigantesca para o Bahia

voltar à Libertadores
event

- destacou o treinador em entrevista coletiva.

participated in

Figure 2. Example of sentence with participated in relation.



Table 5. Macro NER Precision, Recall and F1-scores the test dataset using PFN-
A/F/W with 100 epochs.

Entity type Precision Recall F1-Score #

agricultural product 0.909 0.909 0.909 33.0
commodity 0.778 0.824 0.800 17.0
datetime 0.643 0.600 0.621 30.0
event 0.639 0.677 0.657 34.0
fac 0.733 0.786 0.759 14.0
food 0.673 0.636 0.654 55.0
food item 0.938 0.652 0.769 23.0
gov body 0.902 0.902 0.902 51.0
gpe 0.925 0.948 0.936 155.0
loc 0.764 0.793 0.778 53.0
norp 0.853 0.892 0.872 65.0
org 0.857 0.881 0.869 143.0
person 0.843 0.921 0.881 216.0
policy or law 0.909 1.000 0.952 20.0
product or service 0.693 0.722 0.708 72.0
sports 0.857 0.923 0.889 26.0
title 0.863 0.879 0.871 207.0

All (average) 0.834 0.858 0.845 1214.0

Overall, the results demonstrated that PFN can be used for NER and RE jointly
prediction on Portuguese news. More precisely, NER performance is mostly good, even
when there are many entities types. The performance on RE is possibly impacted by the
number of classes, domain variability and the low amount of data in some relations.

6. Conclusion
This paper proposes a new annotated dataset of 194 multi-domain news articles in the
Portuguese language for NER and RE tasks. It also proposes an enhanced PFN model
training procedure to deal with class imbalance and low data samples. The results in
terms of micro and macro F1-Scores are competitive for both NER (around 0.8) and RE
(around 0.6) tasks.

When compared to the original PFN study [Yan et al. 2021], it is essential to dis-
tinguish the benchmarks used. While the original model achieved RE F1-scores above
0.90 on datasets like NYT and WebNLG, those results are obtained under partial match
criteria and with a much lower number of entity types and relation types. For a more
direct comparison, the datasets ACE04 and ACE05 employ exact-match evaluation and
consist of news texts, reporting F1-scores from 0.83 to 0.85 for NER and 0.51 to 0.55 for
RE. In this context, our baseline results on the proposed dataset are competitive, espe-
cially considering the complexity of our corpus. The dataset has 17 entity categories and
15 semantic relation types, compared to the 7 entities and 6 relations found in the ACE
benchmarks.

The proposed dataset and training scheme provide many possibilities
for future work, such as using multi-domain approaches for NER and RE
tasks [Bassignana et al. 2023]. Future studies could also compare the PFN model with



Table 6. Macro RE Precision, Recall and F1-scores the test dataset using PFN-
A/F/W with 100 epochs.

Relation type Precision Recall F1-Score #

acted in 0.667 0.500 0.571 4
also known as 0.724 0.840 0.778 25
coach of 0.000 0.000 0.000 1
created by 0.500 0.500 0.500 2
is 0.726 0.627 0.673 59
is related to 0.700 0.538 0.609 13
located in 0.478 0.458 0.468 24
member of 0.500 0.667 0.571 6
owner of 0.500 0.500 0.500 2
part of 0.000 0.000 0.000 1
participated in 0.526 0.323 0.400 31
plays for 0.444 0.667 0.533 6
works for 0.875 0.875 0.875 8

All (average) 0.633 0.577 0.597 182

advanced semi-supervised learning techniques using large language models to overcome
the low number of samples [Wang et al. 2026]. Also, the dataset can be extended to en-
compass other tasks related to the creation of Knowledge Graphs, such as entity linking
and Knowledge Graph augmentation [Jurafsky and Martin 2026].
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