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A B S T R A C T

With the exponential growth of unstructured textual data, extracting
structured information has become essential. Named Entity Recogni-
tion (NER) and Relation Extraction (RE) are fundamental tasks in In-
formation Extraction (IE), enabling the identification of entities and the
relationships between them. These components are critical for numer-
ous Natural Language Processing (NLP) applications, including sen-
timent analysis, chatbots, Retrieval Augmented Generation, Question
Answering, and knowledge base construction. This thesis explores ad-
vanced methods for NER and RE, examining both traditional and deep
learning approaches with particular emphasis on supervised learn-
ing paradigms. Conducted within an industrial PhD framework, this
research addresses the dual challenge of advancing the state of the
art while ensuring practical applicability and deployability in produc-
tion environments. The work investigates three key challenges in in-
formation extraction: class imbalance in NER, cross-domain transfer
learning for entity recognition, and knowledge-enhanced Relation Ex-
traction. The first contribution investigates imbalance learning tech-
niques for NER, including resampling and data augmentation meth-
ods to improve recognition of underrepresented entity types. The sec-
ond contribution develops a Cross-Domain NER adaptation technique,
which combines multiple shallow classifiers trained on different fea-
tures extracted from pre-trained transformers to enable effective trans-
fer learning across different domains. The third contribution focuses
on Relation Extraction in both English and Italian Language, intro-
ducing methods that leverage Large Language Models (LLMs) and
demonstrates how knowledge extracted from larger models can be
effectively distilled into smaller, more efficient architectures through
Knowledge Distillation techniques. Through systematic investigation
and experimentation across multiple benchmark datasets, this work
advances information extraction by addressing both theoretical chal-
lenges and practical constraints, including data scarcity, domain adap-
tation, computational efficiency, and resource limitations characteristic
of real-world deployment scenarios.
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A B S T R A C T

Con la crescita esponenziale dei dati testuali non strutturati, l’estrazione
di informazioni strutturate è diventata essenziale. Il riconoscimento
delle entità denominate (NER) e l’estrazione delle relazioni (RE) so-
no compiti fondamentali nell’estrazione delle informazioni (IE), che
consentono l’identificazione delle entità e delle relazioni tra di esse.
Questi componenti sono fondamentali per numerose applicazioni di
elaborazione del linguaggio naturale (NLP), tra cui l’analisi del sen-
timent, i chatbot, la RAG, il question-answering e la costruzione di
basi di conoscenza. Questa tesi esplora metodi avanzati per NER e RE,
esaminando sia gli approcci tradizionali che quelli di deep learning,
con particolare enfasi sui paradigmi di apprendimento supervisiona-
to. Condotta nell’ambito di un dottorato di ricerca industriale, questa
ricerca affronta la duplice sfida di far progredire lo stato dell’arte ga-
rantendo al contempo l’applicabilità pratica e l’implementabilità in am-
bienti di produzione. Il lavoro indaga tre sfide chiave nell’estrazione
di informazioni: Imbalance learning per la NER, Cross-Domain NER,
e l’estrazione di relazioni. Il primo contributo indaga le tecniche di ap-
prendimento in casi di dataset sbilanciati per il task di NER, compresi
i metodi di ricampionamento e di aumento dei dati per migliorare il
riconoscimento dei tipi di entità sottorappresentate. Il secondo contri-
buto sviluppa una tecnica di adattamento NER cross-domain, che com-
bina più classificatori addestrati su diverse features estratte da trasfor-
mers pre-addestrati per consentire un efficace apprendimento trasferi-
bile tra diversi domini. Il terzo contributo si concentra sull’estrazione
di relazioni sia in lingua inglese che italiana, introducendo metodi che
sfruttano i modelli linguistici di grandi dimensioni (LLM) e dimostra
come le conoscenze estratte da modelli più grandi possano essere effi-
cacemente distillate in architetture più piccole ed efficienti attraverso
tecniche di distillazione della conoscenza. Attraverso un’indagine si-
stematica e la sperimentazione su più dataset di riferimento, questo
lavoro fa progredire l’estrazione di informazioni affrontando sia le sfi-
de teoriche che i vincoli pratici, tra cui la scarsità di dati, l’adattamento
del dominio, l’efficienza computazionale e le limitazioni delle risorse
caratteristiche degli scenari di implementazione nel mondo reale.
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Part I

B A C K G R O U N D





1
I N T R O D U C T I O N

From social media posts and news articles to scientific publications
and enterprise documents, the volume of unstructured textual content
continues to grow at an exponential rate. As this wealth of information
accumulates, efficiently extracting knowledge becomes both a pressing
challenge and a promising opportunity. Knowledge, in this context,
refers to the factual content embedded within text that describes real-
world phenomena, states, and connections. This knowledge manifests
as assertions about the world: claims about what exists (objects, agents,
concepts), descriptions of their properties and attributes, statements
about how they connect or interact, and accounts of events that unfold
over time. Raw text presents information in narrative, conversational,
or rhetorical forms optimized for human comprehension. However, ex-
tracted knowledge must be explicit, unambiguous, and computation-
ally accessible.
Information extraction (IE)—the process of automatically retrieving
structured information from unstructured text—lies at the core of this
endeavor. By transforming implicit factual content scattered through-
out free-form text into explicit, formal representations, IE systems en-
able powerful downstream applications. These include systematic anal-
ysis across large corpora, pattern identification, cross-source claim ver-
ification, and evidence-based decision-making across diverse domains.
A foundational task within the broader IE pipeline is Named Entity
Recognition (NER) [1]. NER is responsible for identifying and classi-
fying spans of text that refer to real-world entities, such as persons,
organizations, locations, dates, monetary values, and more. This task
has become indispensable in numerous Natural Language Processing
(NLP) applications, ranging from information retrieval and sentiment
analysis to automatic summarization and question answering systems.
In addition to functioning as a standalone task, NER serves as a criti-
cal precursor to more complex semantic analysis tasks. Accurate entity
identification provides the bedrock upon which further linguistic and
semantic reasoning can be constructed. However, identifying named
entities in text is only the first step toward deeper understanding.
Occurrences of entities in a sentence are often linked through well-
defined relations. Relation extraction (RE) [2] identifies these relation-
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4 introduction

ships between entities in written content, forming the foundation for
many natural language processing (NLP) and information retrieval
applications, including knowledge graph completion and question an-
swering systems. Relationships between entities are usually represented
as relational triplets [3]: ⟨Entity 1, Relation, Entity 2⟩, where Entity 1

and Entity 2 are the connected entities, and Relation describes their
connection. For instance, from the sentence “Bill Gates is the founder
of Microsoft,” we extract the relational triple ⟨Bill Gates, founder of,
Microsoft⟩. Relation extraction provides practical value across numer-
ous domains. In automatic question answering systems, it links related
questions with their answers to improve response accuracy. In search
and retrieval systems, it enables semantic retrieval that understands
query meaning rather than merely matching keywords. In ontology
learning, it discovers new entity relationships to enrich knowledge
structures [4], [5], [6]. In semantic web labeling, it automatically as-
sociates knowledge units to create interconnected content. Through
these applications, Relation Extraction transforms unstructured text
into structured, machine-understandable knowledge.
Extracting such relationships is essential for building knowledge graphs
and semantic databases [7], which serve as structured repositories of
knowledge and enable powerful reasoning capabilities across various
applications [8] [9], [10]. Despite significant progress in both NER and
RE, a number of challenges persist. A key challenge that emerges con-
cerns the adaptability of NER systems to diverse domains, where shift-
ing semantics, contextual variability, and limited annotated data com-
plicate the creation of universally robust models. Across all possible
semantic definitions and interpretations of an entity, it’s quite com-
plex to find a resource that meets personalized needs.
Owing to the data scarcity issue in practical scenarios, obtaining ade-
quate domain-related data is usually labour-intensive. The naive idea
of training models with rich-resource domain data (source) and trans-
ferring knowledge to a new specific domain (target) may struggle
handing the semantic gap and limited data problem [11]. Hence, cross-
domain NER, capable of learning information from the source domain
to specific target domains with limited data, has been proposed to
alleviate this issue. Despite the empirical success of previous works,
several issues remain which have not been be appropriately solved.
Firstly, previous methods often rely on task-specific architectures for
various domains with different entity categories. Some approaches de-
sign different model architectures to adapt a pre-trained Language
Model (PLM) to other target domains, which restricts the model’s us-
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ability in more applications. Secondly, most current methods are com-
putationally inefficient and require tuning all parameters of the PLMs.
The evolving nature of language presents unique obstacles. New con-
cepts, entities, and linguistic patterns continuously emerge, making it
difficult for static models to keep pace. This linguistic dynamism neces-
sitates models that are robust to domain shifts, temporal changes, and
the introduction of previously unseen entity types or relations. Addi-
tionally, while supervised learning remains the dominant approach for
training NER and RE models, it often requires large volumes of anno-
tated data, which are expensive and time-consuming to produce. This
limitation has spurred interest in alternative learning paradigms, such
as distant supervision, semi-supervised learning, and unsupervised
methods, which seek to reduce the dependence on labeled data by
leveraging existing knowledge bases or unannotated corpora. These
approaches, while promising, introduce their own set of challenges,
such as noisy labeling, weak supervision, and difficulty in generaliza-
tion.
For Relation Extraction a wide range of studies [12], [13], [14] has ex-
plored how integrating external knowledge can improve understand-
ing of the task, especially when training data are limited. Some ap-
proaches embed prior knowledge from lexical databases and semantic
resources directly into neural encoders, while others enrich sentence
representations by combining structured information from knowledge
graphs with semantic cues drawn from large text corpora. Despite
these advantages, external knowledge sources often introduce issues
such as noise, missing data, or contextually irrelevant information
that can hinder performance in specialized domains [15]. This limi-
tation has motivated research into leveraging Large Language Models
(LLMs) as more reliable and contextually aware knowledge sources.
This thesis lies at the intersection of Named Entity Recognition (NER)
and Relation Extraction (RE), addressing some of the most persistent
challenges in information extraction under resource-constrained condi-
tions. In real-world scenarios, the scarcity of annotated data, domain-
specific pre-trained models, and reusable linguistic resources signifi-
cantly limits the robustness and scalability of NER and RE systems. To
mitigate these limitations, the thesis investigates Cross-Domain NER,
examining how models can adapt to new domains with limited an-
notated data by exploiting latent representations and transfer-learning
strategies derived from source-domain features. This approach seeks
to maintain high performance while reducing the computational and
annotation costs typically associated with domain-specific fine-tuning.
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Beyond entity recognition, Relation Extraction in low-resource settings
introduces further complexity, as it often depends on external knowl-
edge bases or lexical resources to capture semantic relations. These
approaches are frequently static, incomplete, or poorly aligned with
specific contexts. To address this problem, the thesis leverages Large
Language Models (LLMs) as dynamic and context-aware sources of
background knowledge, capable of reasoning beyond fixed resources.
Finally, this work introduces a knowledge distillation framework that
transfers the reasoning and contextualization capabilities of LLMs into
lightweight models, enabling efficient and scalable deployment with-
out additional knowledge. Overall, the proposed methodologies aim
to tackle challenges arising both from the intrinsic complexity of nat-
ural language (ambiguity, polysemy, linguistic dynamism) and from
practical constraints related to efficiency, data scarcity, and domain
adaptability.

1.1 contribution of the thesis

This thesis introduces a resource-efficient framework for Named En-
tity Recognition (NER) and Relation Extraction (RE), designed to
confront the central challenges of information extraction: limited com-
putational resources, data scarcity, class imbalance, and cross-domain
generalization. The proposed framework explores different techniques
such as transfer learning, ensemble modeling, and knowledge distil-
lation to enable high-performance information extraction even under
constrained conditions, offering a scalable alternative to computation-
ally demanding large-scale systems. The research progresses system-
atically through the information extraction pipeline, beginning with
fundamental challenges in entity recognition, advancing through cross-
domain adaptation strategies, and culminating in methods that lever-
age and distill the reasoning capabilities of Large Language Models for
Relation Extraction. By bridging the gap between resource-intensive
state-of-the-art models and the practical constraints of real-world de-
ployment, these contributions establish a foundation for building ac-
curate, interpretable, and computationally sustainable information ex-
traction systems deployable across diverse domains and languages.
The main contributions of the PhD thesis are summarized as follows:

• The first contribution introduces a study on the imbalance prob-
lem on NER. Class imbalance is a long-standing problem in ma-
chine learning tasks, posing challenges to researchers and prac-
titioners in many domains [16]. Addressing class imbalance is
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crucial in NER tasks to ensure that the models generalize well
across all named entity types. The study experiments with mod-
els trained on OntoNotes 5.0 [17] and CoNLL03 [18], well-known
benchmarks for English NER. Investigating different imbalance
learning techniques across both span-based and transformer-based
architectures, results demonstrate that the optimal strategy de-
pends on model architecture: sentence-level resampling methods
like smoothed count prove most effective for SpanCategorizer,
while simple random oversampling suffices for BERT models
leveraging pre-trained representations. Notably, random under-
sampling fails catastrophically across all configurations, under-
scoring the fundamental reliance of modern NER systems on
non-entity tokens for accurate boundary detection.

• The second contribution involves in Cross-Domain NER, we ex-
plore several combinations of transfer learning between differ-
ent sources and target domains. This contribution investigate the
possibility, under a limited resources scenario, if the target do-
main labels and their distributions can be learned by exploiting
features obtained from the source domain and reaching compa-
rable performance with respect to other transfer-learning tech-
niques, but at lower computational costs. Through comprehen-
sive evaluation across CoNLL03 [18], OntoNotes 5.0, and Multi-
NERD [19] benchmarks, results demonstrate that leveraging
transformer-based model characteristics, including hidden states,
attention vectors, and probability distributions, can achieve per-
formance comparable to fine-tuning while significantly reducing
computational costs.

• The third contribution addresses Relation Extraction by leverag-
ing the reasoning capabilities of Large Language Models to
generate reliable background knowledge. The proposed method
systematically enriches training data by extracting related knowl-
edge from an LLM. The approach then formalizes a Knowledge
Distillation process through explicit minimization of
Kullback–Leibler (KL) divergence between output distributions
of models trained on enriched versus raw sentence inputs. Ex-
perimental validation on the CoNLL04 and SemEval 2010 Task
8 datasets demonstrates the effectiveness of this knowledge aug-
mentation and distillation strategy for English Relation Extrac-
tion. Subsequently, the approach is extended to the Italian lan-
guage, adapting the methodology for knowledge generation and
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validating the cross-lingual applicability on translated Italian
CoNLL04 dataset, confirming that the proposed framework main-
tains its effectiveness across different languages.

1.2 organization of the thesis

In the following, we detail each Chapter of this thesis, highlighting the
research questions that have been addressed.
Chapter 1: Introduction. In this Chapter, we have introduced the con-
tent of this thesis, outlining the main concepts and the most relevant
content related to Named Entity Recognition and Relation Extraction
in resource-constrained scenarios. The rest of the Chapter also outlines
the main research questions that this work aims to answer.
Chapter 2: Preliminaries This chapter establishes the core theoretical
basis for this research, providing readers with the necessary knowl-
edge to understand the work that follows. This section offers a thor-
ough introduction to the research conducted in this thesis, presenting
concepts, structures, computational methods, and key ideas that sup-
port our study of Named Entity Recognition and Relation Extraction
across different domains.
Chapter 3: Related Work. This Chapter summarizes the state of the
art in Named Entity Recognition and Relation Extraction. We explore
traditional and modern approaches to NER, particularly focusing on
cross-domain adaptation. We also review Relation Extraction techniques,
including knowledge-augmented approaches and the use of Large Lan-
guage Models.
Chapter 4: Imbalance Learning in Named Entity Recognition: This
chapter examines the significant issue of unequal class distribution in
Named Entity Recognition (NER) applications, a core problem that
substantially impacts how models perform when identifying various
entity categories. Within the larger investigation of extracting detailed
named entities and their relationships from text content, this chap-
ter analyzes different approaches to tackle the natural disproportion
found in conventional NER datasets. The research question answered
in this Chapter is:

RQ 4.1 - How can we effectively address class imbalance in Named
Entity Recognition tasks?

Chapter 5: Cross-Domain Named Entity Recognition. This Chapter
addresses the challenges of domain adaptation in NER when dealing
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with limited annotated resources. Public NER resources, such as an-
notated datasets and annotation services exist across various domains.
No single resource typically supports all entity types required for spe-
cific downstream applications. Additionally, the availability of training
data to effectively develop NER systems for different domain classifi-
cation schemas is often limited due to constraints on time, quality, and
annotation costs. We explore a transfer-learning approach that exploits
different features obtained from the source domain to train several
models and compose a heterogeneous ensemble that learns target do-
main labels and their distributions. The research questions answered
in this Chapter are:

RQ 5.1 - How can features obtained from a source domain be lever-
aged to learn target domain labels and distributions efficiently, achiev-
ing performance close to fine-tuned transformers but with lower com-
putational cost?

RQ 5.2 - Which representations matter most to deal with the prob-
lem of transfer learning for NER?

Chapter 6: Knowledge-Augmented Relation Extraction with Large
Language Models. In this Chapter, we explore how Large Language
Models can be leveraged to enhance Relation Extraction performance
through systematic knowledge augmentation. We investigate the gen-
eration of background knowledge and its impact on model perfor-
mance in English and Italian texts. Furthermore, this Chapter inves-
tigates the distillation of knowledge from models trained on enriched
data to lightweight models operating on raw text. We explore a distilla-
tion technique that preserves reasoning capabilities while eliminating
dependencies on auxiliary information during inference. The research
questions answered in this Chapter are:

RQ 6.1 - Which complementary knowledge component can be ob-
tained by Large Language Models to augment training data for Re-
lation Extraction?

RQ 6.2 - What is the effect of knowledge distillation when consider-
ing only model that takes as input only the raw sentence?

Chapter 7: Conclusions and Future Works. This thesis concludes
with a summary of the main findings and an overview of the most
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significant contributions to research in Named Entity Recognition and
Relation Extraction under resource-constrained scenarios. It also sug-
gests directions for future research that could build upon the findings
presented in this thesis.



2
P R E L I M I N A R I E S

This chapter establishes the foundational concepts and theoretical
frameworks essential for understanding the research presented in this
thesis. We begin by describing the critical need for Named Entity
Recognition (NER) and Relation Extraction (RE) as fundamental ca-
pabilities for understanding document content, enabling precise in-
formation retrieval, and supporting downstream analytical tasks in
domain-specific applications. The chapter then provides comprehen-
sive coverage of Named Entity Recognition as a structured prediction
problem, examining fundamental concepts including tagging schemes
and entity type taxonomies. Given the data constraints typical in real-
world scenarios, we dedicate substantial attention to transfer learn-
ing paradigms-including homogeneous and heterogeneous transfer,
with particular emphasis on fine-tuning strategies that enable effec-
tive adaptation of pre-trained models to domain-specific tasks. We also
examine knowledge distillation as a critical technique for model com-
pression, enabling the deployment of performant yet efficient models
while preserving the capabilities learned from larger teacher models.
Relation Extraction is introduced as the natural extension of NER, en-
abling the identification of semantic connections between recognized
entities across both general and domain-specific contexts. We conclude
with a discussion of evaluation metrics that provide a rigorous assess-
ment of model performance for these structured prediction tasks.

2.1 named entity recognition : foundations and formu-
lations

Named Entity Recognition (NER) constitutes a fundamental informa-
tion extraction task that involves identifying and classifying mentions
of named entities in unstructured text into predefined categories [20].
As a core component in NLP pipelines, NER serves as a prerequisite
for numerous downstream applications, including Relation Extraction,
question answering, and knowledge base construction. Named Entity
Recognition can be understood as a structured prediction problem
where we need to make decisions about each token in a sentence while
considering the context and dependencies between these decisions.

11
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The fundamental challenge lies in determining not just what type of
entity each token belongs to, but also understanding the boundaries
of these entities within the text. When approaching NER as a machine
learning problem, we typically frame it as finding the most probable
sequence of labels for a given input text. Given a sequence of tokens,
our goal is to assign each token a label that indicates whether it’s part
of an entity and, if so, what type of entity it belongs to. This optimal la-
bel assignment maximizes the probability of the entire sequence being
correct, which can be expressed as:

y∗ = arg max
y∈Yn

P(y∣x)

This formulation captures the essence of NER: we seek the label se-
quence y∗ that is most likely given our observed token sequence x.
The way we assign labels to tokens significantly impacts the perfor-
mance and interpretability of NER systems. Two primary encoding
schemes have emerged as standards in the field, each with distinct ad-
vantages for different applications [21], [22].
The BIO (Beginning-Inside-Outside) encoding scheme provides a straight-
forward approach to entity labeling. In this scheme, each token re-
ceives one of three types of labels: B-tags mark the beginning of an
entity of a specific type, I-tags indicate continuation of an entity, and
O-tags denote tokens that are not part of any entity. This scheme ef-
fectively handles most entity recognition scenarios and has become
widely adopted due to its simplicity and effectiveness.
The BILOU (Beginning-Inside-Last-Outside-Unit) encoding extends the
BIO scheme by adding more explicit boundary information. This scheme
introduces L-tags to mark the last token of multi-token entities and
U-tags for single-token entities. The additional boundary information
provided by BILOU has shown to improve entity boundary detection
performance, particularly for complex entity structures [23].

Table 1: Common NER tagging schemes comparison

BIO Encoding BILOU Encoding

B− T : Beginning of entity type T B− T : Beginning of multi-token entity

I− T : Inside entity type T I− T : Inside of multi-token entity

O: Outside any entity L− T : Last token of multi-token entity

U− T : Unit-length entity

O: Outside any entity
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The effectiveness of any NER system depends heavily on the entity
types it recognizes and how these types are defined. Entity type selec-
tion represents a fundamental design decision that influences both the
system’s capabilities and its practical applications [24].
Most general-purpose NER systems focus on four primary entity cate-
gories that appear frequently across diverse text domains.
Person entities encompass individual names in various forms, from
simple first names to complete formal names with titles and suffixes.
Location entities capture geographical references ranging from specific
addresses to broad regional designations like countries and continents.
Organizational entities identify institutional references, including corpo-
rations, government agencies, educational institutions, and non-profit
organizations.
The miscellaneous category serves as a catch-all for named entities that
don’t fit the other categories, typically including events, products, awards,
and cultural references.
Specialized applications often require recognition of additional entity
types beyond the core categories. Temporal entities capture time-related
expressions including specific dates, time ranges, and duration refer-
ences. Numerical entities encompass monetary amounts, percentages,
measurements, and other quantitative expressions. Domain-specific
entity types emerge in specialized fields: biomedical NER systems rec-
ognize genes, proteins, diseases, and drug names [25] [26], [27], [28],
while legal text processing systems identify laws, court cases, and le-
gal precedents [29], [30], [31].
Real-world text presents several challenging scenarios that complicate
straightforward entity recognition. Nested entities occur when one en-
tity contains another, such as "University of California, Berkeley" con-
taining both an organization and a location reference. Overlapping en-
tities present situations where the same text span can be interpreted
as multiple entity types, like "Apple Inc." functioning as both an or-
ganization name and potentially a product reference. Discontinuous
entities appear when entity mentions are split across non-contiguous
text spans, such as "New York" and "Yankees" being separated by inter-
vening tokens while together forming a single organization reference.

2.1.1 Transfer Learning

Transfer learning represents one of the most practical paradigms in
modern machine learning, addressing the fundamental challenge of
leveraging knowledge from data-rich domains to improve performance
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in data-scarce scenarios. The field can be systematically organized
along several key dimensions that reflect both the nature of the learn-
ing problem and the mechanisms through which knowledge is trans-
ferred [32].
The relationship between source and target environments fundamen-
tally shapes the transfer learning approach. In homogeneous transfer
learning, both domains share identical feature spaces and similar data
distributions, making knowledge transfer relatively straightforward
[33]. This scenario often occurs when applying models across different
but related datasets, such as transferring sentiment analysis models
between product review domains.
Conversely, heterogeneous transfer learning [34] tackles the more chal-
lenging scenario where domains differ in their feature representations
or underlying distributions. This might involve transferring knowl-
edge from text to images, or adapting models trained on one language
to another with different linguistic structures.
The task-oriented perspective introduces additional distinctions. In-
ductive transfer learning addresses scenarios where source and target
tasks differ, necessitating some labeled data in the target domain to
guide the adaptation process. This is common in specialized applica-
tions where general models need task-specific refinement. Transduc-
tive transfer learning [35] maintains task consistency while adapting
to different domains, focusing purely on distribution shift challenges.
Finally, represents the most challenging scenario, operating without
labeled data in either domain and relying entirely on structural simi-
larities in the data.
Parameter-based transfer learning has become the dominant paradigm
in deep learning, largely due to its simplicity and effectiveness. The
fundamental insight is that parameters learned on large-scale source
tasks often encode generally useful representations that can be adapted
to target tasks with minimal modification [36], [37].
Fine-tuning represents the most straightforward approach to parame-
ter transfer. The process begins with a model pre-trained on a large
source dataset, followed by continued training on the target task. This
seemingly simple procedure involves numerous strategic decisions that
significantly impact performance [36], [37]. Full fine-tuning updates
all model parameters during target task training, providing maximum
flexibility but risking overfitting when target data is limited. Partial
fine-tuning freezes lower layers while updating higher ones, based
on the intuition that early layers capture general features while later
layers encode task-specific patterns. Layer-wise fine-tuning adopts a
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gradual unfreezing strategy, starting with the highest layers and pro-
gressively incorporating lower layers as training progresses [38]. The
choice among these strategies depends on target dataset size, domain
similarity, and computational constraints. Large target datasets with
sufficient diversity generally benefit from full fine-tuning, while small
datasets often perform better with partial approaches that limit the
risk of overfitting [39].
Recent advances have introduced parameter-efficient methods that
achieve competitive performance while modifying only a small frac-
tion of pre-trained parameters. These approaches address both com-
putational efficiency and the practical challenges of maintaining mul-
tiple model variants. Adapter layers insert small bottleneck modules
between existing model layers, keeping the original parameters frozen
while learning task-specific adaptations through these compact mod-
ules [40]. This approach enables easy switching between tasks and re-
duces storage requirements for multi-task scenarios. Low-Rank Adap-
tation (LoRA) operates on the insight that parameter updates during
fine-tuning often have low intrinsic dimensionality. By approximating
updates through low-rank matrix factorizations, LoRA achieves com-
parable performance to full fine-tuning while updating orders of mag-
nitude fewer parameters [41]. Prefix tuning takes a fundamentally dif-
ferent approach by optimizing continuous task-specific vectors that are
prepended to model inputs, leaving all original parameters
unchanged [42]. This method is particularly effective for language
models where the prefix can guide generation towards task-appropriate
outputs.

2.1.2 Knowledge Distillation

Knowledge distillation has emerged as one of the most elegant solu-
tions to a fundamental challenge in modern machine learning: how to
capture the sophisticated understanding of large, powerful models in
smaller, more practical systems. This paradigm becomes increasingly
critical as models grow ever larger while deployment environments be-
come more resource-constrained. The core insight driving knowledge
distillation is that large models contain far more information than their
final predictions alone—they possess rich internal representations and
nuanced understanding that can be transferred to more efficient archi-
tectures [43].
The teacher-student metaphor that defines knowledge distillation re-
flects a profound shift in how we think about model training. Rather
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than learning directly from raw data labels, student models can ben-
efit from the accumulated wisdom of their larger counterparts. This
approach often yields better performance than training smaller mod-
els independently, suggesting that the learning process itself can be
optimized through careful knowledge transfer.
Consider a practical example: compressing a large BERT model for mo-
bile deployment. The teacher BERT-Large with 340M parameters pro-
duces rich probability distributions over vocabulary tokens, revealing
not just the most likely answer but also plausible alternatives and their
relative probabilities. A student model like DistilBERT with only 66M
parameters learns to mimic these soft predictions, capturing much of
the teacher’s linguistic understanding while being 6× smaller and 2×
faster. Other common knowledge distillation techniques often used in
state-of-the-art works are base on Kullback-Leibler (KL) divergence
[44] and Jensen-Shannon (JS) divergence [45].

2.2 relation extraction

Relation Extraction (RE) constitutes a fundamental information extrac-
tion task that identifies and classifies semantic relationships between
entities mentioned in text [46]. Building upon named entity recogni-
tion, Relation Extraction enables the construction of structured knowl-
edge from unstructured text by discovering how entities interact and
relate to one another. As a critical component in knowledge base con-
struction, question answering, and semantic search systems, RE trans-
forms unstructured narratives into machine-readable structured rep-
resentations that capture the relational information. Relation extrac-
tion can be formally defined as a classification problem over entity
pairs. Given a text segment containing a set of identified entities E =
{e1,e2, . . . ,en}, the task is to determine whether any semantic rela-
tion exists between entity pairs and, if so, to classify that relation into
predefined types from a relation taxonomy R.

For a given entity pair (ei,ej)within a textual context x, the Relation
Extraction model must predict:

r∗ = arg max
r∈R

P(r∣ei,ej, x)

where r∗ represents the most likely relation type, and the special
label "no_relation" indicates that no semantic relationship exists be-
tween the entity pair. This formulation captures the directional nature
of many relations—the relationship from entity ei to ej may differ from
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that of ej to ei (e.g., "founded" versus "was founded by").
The complexity of Relation Extraction varies significantly based on the
assumptions and constraints imposed on the task. In sentence-level RE
[47], entities and their relations are constrained to occur within single
sentences, simplifying context modeling but potentially missing inter-
sentential relationships. Document-level RE [48] relaxes this constraint,
requiring models to identify relations between entities that may be
mentioned multiple sentences apart, demanding more sophisticated
context aggregation and coreference handling. Relation extraction ap-
proaches can be categorized along several dimensions that reflect dif-
ferent methodological perspectives and practical considerations. The
pipeline approach treats NER and RE as sequential, independent tasks.
Entities are first identified through a dedicated NER model, and the
recognized entities are subsequently passed to a separate RE model
that classifies relationships between entity pairs. While conceptually
simple and modular, this approach suffers from error propagation
mistakes in entity recognition cascade into the Relation Extraction
stage, and the RE model cannot provide feedback to improve entity
boundary detection [49].
Joint extraction models address these limitations by simultaneously
identifying entities and their relations in a unified framework [50]. By
modeling the interdependencies between entity recognition and rela-
tion classification, joint models can leverage relational information to
improve entity detection and vice versa. For instance, recognizing that
"founded" likely connects a person to an organization can help dis-
ambiguate entity types. However, joint models introduce additional
complexity in model architecture and training procedures [51].
Traditional closed RE operates with a predefined relation taxonomy,
classifying entity pairs into one of several known relation types. This
approach enables focused extraction of specific relationship types rele-
vant to a domain but cannot generalize to unseen relations. The model
is fundamentally limited by the relation types encountered during
training. Open Information Extraction (Open IE) takes a more flexi-
ble approach, extracting relation phrases directly from text without
constraining them to a fixed schema. For the sentence “Einstein devel-
oped the theory of relativity,” an Open IE system would extract the
triple (Einstein, developed, theory of relativity) without requiring “devel-
oped” to match any predefined relation type. This paradigm offers
greater flexibility and coverage but produces less standardized out-
puts that may be more difficult to integrate into structured knowledge
bases [52, 53].
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Supervised Relation Extraction relies on manually annotated training
data where human annotators have identified and labeled relation-
ships between entities. While this produces high-quality training sig-
nals, manual annotation is expensive, time-consuming, and difficult to
scale to large corpora or specialized domains.
Distant supervision offers an alternative by automatically generating
training examples from existing knowledge bases. The fundamental as-
sumption is that if a knowledge base contains a relation between two
entities, then any sentence mentioning both entities is likely to express
that relation. For example, if a knowledge base records that “Steve Jobs
founded Apple,” sentences containing both “Steve Jobs” and “Apple”
can be automatically labeled as expressing a “founded” relation [54,
55]. While enabling training on much larger datasets, distant super-
vision introduces label noise since not all co-occurrences express the
assumed relation, requiring models to handle noisy labels robustly [55,
56].
The definition and organization of relation types fundamentally
shapes the capabilities and applications of Relation Extraction systems.
Relation taxonomies must balance comprehensiveness with practical-
ity, providing sufficient coverage while maintaining clear, distinguish-
able categories that can be reliably identified by both human annota-
tors and machine learning models [57].
Most general-purpose Relation Extraction systems focus on common
relationship types that appear frequently across diverse text domains.
Employment relationships (works_for, employed_by) capture professional
affiliations between people and organizations. Residential relationships
(lives_in, based_in) identify geographic associations of individuals or
institutions. Organizational founding relations (founded, established, cre-
ated) document the origins of institutions and companies. Personal
relationships, including familial connections (parent_of, spouse_of, sib-
ling_of ) and social associations (friend_of, colleague_of ), represent impor-
tant categories for biographical and social information extraction. Part-
whole relations (part_of, contains, member_of ) capture compositional
and membership structures.

Specialized applications often require recognition of domain-specific
relationship types that capture the unique semantic patterns of partic-
ular fields. In biomedical Relation Extraction, critical relations include
drug-disease interactions (treats, causes, prevents), protein-protein inter-
actions (binds_to, activates, inhibits), and gene-disease associations (as-
sociated_with, causes, increases_risk_of ). Legal text processing requires
recognition of citation relationships (cites, overrules, distinguishes), reg-
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ulatory connections (regulates, enforces, violates), and jurisdictional rela-
tions. Financial documents contain investment relationships (invests_in,
acquires, divests), ownership structures (owns, controls, subsidiary_of ),
and market influence patterns (competes_with, supplies_to, distributes_for).
Real-world text presents several challenging scenarios that significantly
complicate Relation Extraction and require sophisticated modeling ap-
proaches.
When text contains multiple entities, their relationships may overlap in
complex ways. Consider “The University of California, Berkeley pro-
fessor received funding from the National Science Foundation.” This
sentence contains multiple entities (university, location, person, orga-
nization) with various relationships (affiliation, location, funding) that
a comprehensive extraction system must disentangle.
Not all relations are explicitly stated through surface lexical patterns.
The sentence “John entered the restaurant and ordered coffee” implic-
itly contains a customer-business relationship that requires common-
sense reasoning to infer. Models must go beyond pattern matching to
understand implied relationships based on world knowledge and con-
textual understanding.
Many relations are inherently directional—“founded” and
“was founded by” represent inverse relations with different head and
tail entities. However, some relations are symmetric (spouse_of, sibling_of ),
while others may be transitive (larger_than, part_of ) or follow other log-
ical properties. Relation extraction systems must appropriately handle
these logical properties, potentially enforcing consistency constraints
during prediction.

2.2.1 Evaluation Metrics

Relation extraction performance is typically evaluated using precision,
recall, and F1-score, computed over predicted relation instances. A pre-
dicted relation triple (ei, r,ej) is considered correct if it matches a gold-
standard annotation with the same head entity, relation type, and tail
entity.
Different evaluation settings impose varying requirements on entity
boundary matching. In strict evaluation, entity boundaries must match
exactly for a relation to be counted as correct. In relaxed evaluation,
entities are considered matching if they overlap, accommodating mi-
nor boundary variations. For scenarios prioritizing relation discovery
over precise entity spans, relation-level evaluation focuses solely on
whether the correct relation type is identified between roughly the cor-
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rect entities, regardless of exact boundaries.
Beyond instance-level metrics, macro-averaging across relation types
provides insights into performance consistency across the relation tax-
onomy, highlighting whether models perform uniformly well or ex-
hibit significant disparities between common and rare relation types.



3
R E L AT E D W O R K

This chapter provides a comprehensive review of the existing litera-
ture on information extraction, with a particular focus on Named En-
tity Recognition (NER) and Relation Extraction (RE). The discussion
is structured to reflect the historical evolution, methodological innova-
tions, and recent advances that have shaped modern research in these
areas.
We begin with an overview of the evolution of NER systems, tracing
their development from early rule-based and statistical models to con-
temporary deep learning and large language model-based architec-
tures. This section highlights key benchmark datasets, competitions,
and milestones that established the foundations of the field. The fol-
lowing section delves into neural approaches to NER, examining how
deep architectures—ranging from BiLSTM-CRF models to transformer-
based encoders—have redefined the task by enabling richer contextual
understanding and more robust generalization. Within this context, we
discuss the role of attention mechanisms, domain adaptation strategies,
and the recent integration of Large Language Models as reasoning-
aware NER systems capable of leveraging implicit knowledge during
prediction.
The final part of the chapter is dedicated to Relation Extraction (RE),
which extends the information extraction pipeline by identifying se-
mantic relations between recognized entities. We first review bench-
mark datasets and evaluation frameworks that have supported empir-
ical research in this domain. Then, we discuss the deep learning revo-
lution that transformed RE, emphasizing both supervised and distant
supervision paradigms. Lastly, we analyze how Large Language Mod-
els have reshaped the landscape of Relation Extraction—offering new
opportunities for zero-shot generalization, contextual reasoning, and
explainable knowledge discovery. Overall, this chapter situates NER
and RE within a unified perspective, emphasizing their interdepen-
dence and the technological continuum that connects early sequence
labeling techniques with modern reasoning-capable architectures.

21
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3.1 evolution of named entity recognition

Named Entity Recognition emerged as a fundamental task in natural
language processing during the Message Understanding Conferences
(MUC) in the 1990s b[58]. MUC-6/MUC-7 marked the starting point
for NER as a shared task, establishing the foundation for identifying
entities such as persons, locations, and organizations in text. In the
Figure 1 is represented a generic example of NER output that classifies
entities like Person and Product.

Figure 1: Example of Named Entity Recognition extracting Person and Prod-
uct categories

3.1.1 Early Benchmark Datasets and Competitions

The development of NER systems has been closely tied to the availabil-
ity of standardized datasets and evaluation frameworks. The CoNLL-
2003 [59] shared task introduced a significant milestone by focusing
on language-independent NER, providing training and test data for
English and German with four entity types: persons, locations, orga-
nizations, and miscellaneous entities. Sixteen systems participated in
the CoNLL-2003 shared task, utilizing a wide variety of machine learn-
ing techniques and different feature sets. The CoNLL 2002 and CoNLL
2003 datasets were among the early efforts to create NER datasets us-
ing multiple languages and introducing new entity types, responding
to trends in technology at that time. These competitions established im-
portant precedents for evaluation metrics and methodologies that con-
tinue to influence NER research today. Following these foundational
works, the ACE (Automatic Content Extraction) [60] project, conducted
since 2002 as a successor to the MUC named entity recognition task,
shifted the emphasis from initial entity recognition to entity resolu-
tion. ACE introduced not only more entity types and subtyping but
also considered the annotation of nested entities.
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3.1.2 Sequence Labeling with Conditional Random Fields

Traditional statistical approaches to NER often employ Conditional
Random Fields (CRFs), which provide a principled framework for se-
quence labeling tasks. CRFs were first introduced by Lafferty et al.
[61] as a framework for building probabilistic models to segment and
label sequence data. Their application to NER was pioneered by Mc-
Callum et al. [62], who demonstrated their effectiveness in capturing
dependencies between adjacent labels while incorporating rich feature
representations of the input text.
The fundamental insight behind CRFs for NER lies in their ability to
model the conditional probability of an entire label sequence given the
input text. Rather than making independent decisions about each to-
ken’s label, CRFs consider the global context and constraints across the
entire sequence. This global perspective allows the model to avoid in-
consistent label sequences, such as an I-tag following an O-tag without
an intervening B-tag, a common problem in traditional classification
approaches.
Early applications of CRFs to NER, [63], [64], [65] demonstrated sig-
nificant improvements over previous approaches. In this work [66] is
presented a framework for biomedical named entity recognition using
CRFs with a variety of features, showing that CRFs with simple ortho-
graphic features could achieve competitive performance on biomedical
texts. This work established CRFs as a viable approach for domain-
specific NER tasks.
McCallum et al. [62] conducted comprehensive experiments compar-
ing CRFs to Hidden Markov Models and Maximum Entropy Markov
Models for information extraction tasks, including NER. Their results
demonstrated that CRFs consistently outperformed alternative approaches,
particularly in scenarios with rich feature representations and overlap-
ping features.
Sha et al. [67] provided theoretical analysis of CRFs for sequence label-
ing, establishing convergence properties and optimization techniques
that became standard in the field. Their work laid the mathematical
foundation for efficient training of CRF models on large-scale NER
datasets.
The power of CRFs lies in their flexible feature representation capabil-
ities, which was extensively explored in early NER research. Finkel et
al. [68] developed a comprehensive feature set for English NER that
included orthographic features (capitalization patterns, digit patterns,
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punctuation), linguistic features (part-of-speech tags, phrase chunks),
and contextual features (word windows, character n-grams).

3.2 neural approaches to named entity recognition

The introduction of neural network architectures revolutionized NER
systems, moving from feature-heavy approaches to end-to-end learn-
ing models. The emergence of neural approaches has dramatically
transformed the research landscape [69], enabling more sophisticated
modeling of semantic relationships and contextual dependencies that
were challenging to capture with traditional methods. This section pro-
vides a comprehensive overview of the evolution and current state-of-
the-art in neural NER systems.

3.2.1 Foundational Neural Architectures

The transition from traditional machine learning approaches to neu-
ral methods began with the introduction of word embeddings and
basic neural network architectures. Early neural approaches to NER
leveraged the power of distributed representations, where words are
encoded as dense vectors in high-dimensional spaces, capturing se-
mantic similarities and relationships that were previously difficult to
model explicitly [70]. The foundational work by Collobert et al. [71]
demonstrated that deep learning could be successfully applied to vari-
ous NLP tasks, including NER. This seminal work introduced a unified
neural architecture capable of solving multiple sequence labeling prob-
lems without task-specific feature engineering. The model employed
convolutional neural networks over word embeddings, showing that
neural approaches could match or exceed the performance of tradi-
tional methods while requiring minimal domain knowledge. Building
on this foundation, Guimarães et al[72] proposed a character-level con-
volutional neural network for NER that could capture morphological
patterns and handle out-of-vocabulary words more effectively. This ap-
proach was particularly valuable for languages with rich morphology
and demonstrated the importance of character-level information in en-
tity recognition tasks.



3.2 neural approaches to named entity recognition 25

3.2.2 BiLSTM-CRF Architecture

The BiLSTM-CRF architecture, proposed by Huang et al. [73], became
a cornerstone in neural NER systems. This architecture combines the
sequence modeling capabilities of bidirectional Long Short-Term Mem-
ory [74] networks with the structured prediction advantages of Condi-
tional Random Fields. The CRF layer takes the output of the BiLSTM
layer and manages the sequence tagging process, utilizing contextual-
ized tag information to produce better tagging accuracy through the
incorporation of label dependencies and constraints. The BiLSTM-CRF
model exhibits promising results across various domains, including
biomedical applications where two works [75, 76], demonstrated its ef-
fectiveness. In biomedical research, the attention-based BiLSTM-CRF
approach has been successfully applied to document-level chemical
named entity recognition, addressing the tagging inconsistency prob-
lem common in sentence-level NER methods [77]. The architecture’s
ability to capture both forward and backward contextual information
while maintaining structured output constraints has made it particu-
larly suitable for complex entity recognition tasks in specialized do-
mains. Building upon the success of BiLSTM-CRF models, researchers
developed more sophisticated recurrent architectures to address spe-
cific challenges in NER. This paper [78] proposed a multi-task learning
framework that jointly trains NER with other sequence labeling tasks,
improving generalization and reducing overfitting. Their model incor-
porates additional linguistic features and demonstrates significant im-
provements over single-task approaches. Another approach [79] intro-
duced a transfer learning mechanism for neural NER, showing how
pre-trained language models can be fine-tuned for entity recognition
tasks. This work laid the groundwork for the transformer-based ap-
proaches that would later dominate the field. The authors demon-
strated that cross-lingual transfer learning could be particularly effec-
tive for low-resource languages.

3.2.3 Attention Mechanisms and Transformer Architecture

The transformer architecture, Figure 2, represents a paradigm shift
in sequence modeling, replacing recurrent connections with attention
mechanisms that enable parallel processing and more effective model-
ing of long-range dependencies [80]. Rather than processing sequences
sequentially like RNNs and LSTMs, transformers allow all positions
in a sequence to be processed simultaneously, dramatically improving
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computational efficiency while maintaining or improving model per-
formance.

Figure 2: Schematic representation of the Transformer architecture. Source:
[80]

The fundamental innovation of transformers lies in their use of at-
tention mechanisms as the primary building block for sequence mod-
eling. Where traditional approaches rely on recurrent connections to
maintain information about sequence history, transformers use atten-
tion to directly model relationships between any pair of positions in
a sequence, regardless of their distance. This design choice enables
better modeling of long-range dependencies while eliminating the se-
quential bottleneck that limits the parallelization of recurrent models
[80].
Attention mechanisms represent a powerful paradigm for allowing
models to dynamically focus on different parts of input data when
making predictions. The core insight behind attention is that not all
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parts of the input are equally relevant for producing a particular out-
put, and the model should be able to learn which parts deserve more
focus. The modern understanding of attention mechanisms centers
around the query–key–value framework, which provides an elegant
abstraction for thinking about how attention works. In this framework,
we have three types of vectors: queries represent what we’re looking
for, keys represent what’s available to look at, and values represent
the actual information we want to retrieve. The attention mechanism
works by computing compatibility scores between each query and all
available keys. These scores determine how much attention to pay to
each key–value pair when constructing the output. The process be-
gins by computing a compatibility function that measures how well
each key matches the current query. Common approaches to measur-
ing this compatibility include additive methods that use learned neu-
ral networks, multiplicative methods that compute dot products, and
scaled versions that normalize the results.
Scaled dot-product attention represents the core attention mechanism
used in transformer architectures. This approach computes attention
over sets of queries, keys, and values simultaneously, enabling efficient
parallel processing while maintaining the flexibility to model complex
relationships between sequence positions. The scaled dot-product at-
tention mechanism operates on three matrices: a query matrix Q con-
taining all queries, a key matrix K containing all keys, and a value
matrix V containing all values. Rather than computing attention for
individual query–key–value triplets, this approach processes entire
matrices simultaneously, enabling efficient implementation on paral-
lel hardware.

Formally:

Attention(Q,K,V) = softmax(QK⊺√
dk
)V

This formulation computes all query–key compatibilities through a
single matrix multiplication QK⊺, applies the scaling factor 1√

dk
, nor-

malizes through softmax, and computes the final weighted combina-
tion of values through multiplication with V .
Multi-head attention extends the basic attention mechanism by com-
puting attention in multiple representation subspaces simultaneously.
This extension allows the model to attend to information from differ-
ent positions and capture different types of relationships within the
same layer [80]. The fundamental insight behind multi-head attention
is that different types of relationships may require different represen-
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tation spaces to be effectively captured. For example, syntactic rela-
tionships between words might be best captured in one representa-
tion subspace, while semantic relationships might be better modeled
in a different subspace. By computing attention in multiple heads, the
model can specialize each head to capture different aspects of the in-
put relationships. The attention mechanism can be applied in different
configurations depending on the source of queries, keys, and values.
Two primary configurations have emerged as fundamental building
blocks in transformer architectures: self-attention and cross-attention.
Self-attention occurs when queries, keys, and values all come from
the same sequence. This setup allows each position in the sequence
to attend to all positions in the same sequence, enabling the model
to capture complex relationships and dependencies within the input.
Each position can directly access information from any other position
in the sequence, creating a fully-connected graph where edge weights
are determined by attention scores.
Cross-attention occurs when queries come from one sequence while
keys and values come from a different sequence. This configuration
is particularly important in encoder–decoder architectures, where the
decoder needs to attend to the encoder’s output while generating the
target sequence. The queries come from the decoder’s current state,
while the keys and values come from the encoder’s output. This ar-
rangement enables the decoder to selectively focus on relevant parts
of the input sequence as it generates different parts of the output [80].
Cross-attention is essential for tasks that involve mapping between
different sequences, such as machine translation, summarization, and
question answering. It provides a flexible mechanism for the model to
determine which parts of the input are most relevant for generating
each part of the output. Moreover, subsequent works have recognized
the computational and memory limitations of the standard (dense)
attention mechanism, and have proposed modifications or sparse /
hybrid attention techniques to address these. For example, the Long-
Short Transformer introduces a hybrid of long-range and local atten-
tion to reduce complexity for long sequences [81], and Cluster-Former
uses clustering to yield sparse attention across chunked sequences to
better encode long-range dependencies in QA settings [82].

3.2.4 Transformer-Based Approaches

The advent of transformer architectures, particularly BERT (Bidirec-
tional Encoder Representations from Transformers) [83], marked an-
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other paradigm shift in NER research. BERT’s bidirectional training
approach allows it to capture context from both directions simultane-
ously, making it particularly well-suited for sequence labeling tasks
like NER.
Several variants of BERT have been developed to improve general lan-
guage understanding and downstream task performance across di-
verse domains. RoBERTa [84]: Optimizes BERT’s training procedure
by removing the Next Sentence Prediction task and using longer train-
ing with larger batches. For NER tasks, RoBERTa often outperforms
BERT due to its more robust pre-training.
DeBERTa [85]: Introduces disentangled attention mechanisms that sep-
arately encode content and position information. This architectural im-
provement leads to better performance on NER tasks, particularly for
entities where positional information is crucial.
ELECTRA [86]: Uses a replaced token detection objective instead of
masked language modeling, leading to more efficient pre-training and
competitive NER performance with smaller computational requirements.
The success of general-domain transformers led to the development of
domain-specific variants that achieve superior performance in special-
ized fields:
Moreover, several variants of BERT have been developed specifically
for improved NER performance: BioBERT [87] and SciBERT [88] have
demonstrated impressive capabilities in biomedical and scientific do-
mains by incorporating domain-relevant pre-training data. These mod-
els show significant improvements over general BERT on biomedical
NER tasks, with BioBERT achieving state-of-the-art performance on
several biomedical entity recognition benchmarks.
ClinicalBERT [89] focuses specifically on clinical text, pre-trained on
electronic health records and clinical notes. This specialization leads to
substantial improvements in recognizing medical entities and under-
standing clinical language patterns. FinBERT [90] models have been
developed for financial domain NER, showing improved performance
in recognizing financial entities, organizations, and market-specific ter-
minology. BERT-NER [91] works in general domain recognizing Per-
son, Location, Organization and Miscellaneous entity types. Finally,
BERT-BiLSTM-CRF combinations have been extensively studied, with
models achieving significant performance improvements across multi-
ple domains [92], [93],[94], and languages [95] [96].
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3.2.5 Large Language Model-Based Methods for NER

Large Language Models (LLMs) represent the most recent paradigm
shift in neural NER, bringing unprecedented capabilities in few-shot
and zero-shot learning scenarios [97], [98]. These models, character-
ized by their substantial number of parameters extending into tens or
hundreds of billions, have fundamentally changed how we approach
entity recognition tasks. Models such as GPT [99], BloomZ [100], and
LLaMA [101] exemplify this category. While originally designed for
text generation, their application to sequence labeling tasks like NER
has required innovative adaptations. The fundamental challenge in ap-
plying LLMs to NER lies in the mismatch between their generative
nature and the structured prediction requirements of entity recogni-
tion. To address this gap, several innovative approaches have emerged:
This work [102] introduced GPT-NER, which reformulates sequence
labeling as a text generation task. Instead of traditional BIO tagging,
entities are marked using special tokens. For example, a location en-
tity "Paris" is transformed into "Paris## is a city," where "" and "##"
denote entity boundaries. This approach achieves performance com-
parable to fully supervised baselines while excelling in low-resource
and few-shot scenarios.
Ashok at al. [103] developed PromptNER, which leverages entity type
definitions within prompts to enable few-shot learning. The model
generates entity lists with explanations, achieving state-of-the-art per-
formance on few-shot NER benchmarks across various datasets. This
approach demonstrates the power of natural language instructions in
guiding LLM behavior for structured tasks. A research by De Toni et al.
[104] explored the zero-shot abilities of the T0 multitask model [105]
for NER —a prompt-based LLM developed as part of the BigScience
project for open research — , particularly in historical texts. While
showing potential for languages lacking labeled datasets, the study
revealed challenges in handling domain-specific terminology and in-
consistent spelling patterns common in historical documents. Several
sophisticated approaches have been developed to enhance LLM perfor-
mance on NER tasks: Zhu et al. [106] introduced GL-NER, a generation-
aware LLM specifically designed for few-shot NER. The model em-
ploys novel prompt templates with label-injected instructions and uses
masking-based loss optimization. This approach can generate entity
names or signal "does not exist" when no entity is present, significantly
improving few-shot learning performance over traditional prompt-based
methods. Other works [107] explored combining different LLMs for en-
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tity disambiguation in dialogue systems. Their approach uses GPT-2 as
a generator during training and BERT for evaluation during inference,
effectively addressing ambiguity and entity comparison in real-time
dialogue scenarios.
This paper [108] developed UniversalNER through targeted distillation
from LLMs, creating a model with broad coverage of entity types suit-
able for clinical applications. Similarly, another approach [109] intro-
duced a self-improving zero-shot framework that leverages unlabeled
corpora for continuous improvement through self-annotated pseudo-
demonstrations. For the use of an LLM to enhance the context, this
work [110] developed CALM, which generates additional context for
entities offline using LLMs, particularly useful in low-resource settings
where annotated data is limited. Through prompt engineering and self-
improvement techniques, LLMs have demonstrated promising results
across a wide range of applications. However, their high computational
and memory requirements make them costly and often inaccessible
for smaller-scale implementations. In addition, the heavy reliance on
prompt engineering introduces a degree of unpredictability and limits
scalability. LLMs also tend to struggle with intricate cases that demand
deep, domain-specific knowledge unless extensively fine-tuned on spe-
cialized data.
The integration of LLMs into NER marks a significant advancement
in the field, especially for scenarios with scarce training data. Never-
theless, their substantial resource demands and sensitivity to prompt
design underscore the need for continued research into more efficient
and robust methodologies. Future work will likely focus on hybrid
models that combine the rich contextual understanding of LLMs with
the efficiency and reliability of traditional neural architectures.

3.2.6 Domain Adaptation in Named Entity Recognition

Domain adaptation represents a critical challenge in NER systems
when shifting from source to target domains with different entity dis-
tributions and vocabularies.
Early work in domain adaptation for NER primarily focused on rule-
based mappings and simple statistical approaches [111], [112], [113],
[24]. However, the emergence of neural approaches has dramatically
transformed the research landscape. Methods employing noise-contrastive
estimation align semantically similar concepts in the embedding space
while using regularization techniques to preserve original semantic
knowledge [114]. Word embedding techniques have proven particu-
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larly effective for domain adaptation. Fersini et al. [115] explored do-
main adaptation specifically for NER systems, showing that carefully
constructed word embeddings can effectively bridge the gap between
source and target domains by capturing underlying semantic relation-
ships. A common practice consists in transferring pre-trained word
embeddings to downstream tasks, for example, by training medical-
specific embeddings and applying them to NER, with several tech-
niques from concatenation to fine-tuning being explored.
Recent advances have leveraged self-alignment and contrastive learn-
ing techniques to improve cross-domain adaptation, with approaches
like self-alignment pretraining specifically designed for biomedical en-
tities [116]. Semi-supervised learning [117], [118] has emerged as an-
other powerful paradigm for domain adaptation, particularly benefi-
cial when limited labeled data is available in target domains.
Although the above-mentioned investigations represent a fundamental
step towards the adaptation of NER systems, one main issue remains
open: most of the available approaches are often computationally ex-
pensive, requiring resources that lead to high energy consumption,
making them costly and less sustainable for real-world applications.

3.3 relation extraction

This section provides a comprehensive overview of the evolution and
current state of relation extraction (RE) techniques, with particular
emphasis on approaches leveraging language models. We organize
our discussion around the foundational concepts, methodological ad-
vances, and contemporary challenges that define the current landscape
of relation extraction research. Figure 3 represents an example of Re-
lation Extraction task that link through a semantic relationship the
entities found based on the text. Relation extraction, as a fundamen-

Figure 3: Example of Relation Extraction task.

tal task in natural language processing, aims to identify and classify
semantic relationships between entities mentioned in text [119]. The
field has undergone significant evolution from early rule-based sys-
tems to sophisticated neural architectures that leverage the power of
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pre-trained language models. Early approaches to relation extraction
predominantly relied on pipeline architectures that decomposed the
task into sequential stages: Named Entity Recognition (NER), Rela-
tion Identification, and Relation Classification. These pipeline systems,
while conceptually straightforward, suffered from error propagation
issues where mistakes in entity recognition adversely affected down-
stream relation classification accuracy [120, 121].
The transition from traditional pipeline approaches to joint modeling
represents a significant paradigm shift in relation extraction research.
Joint models attempt to simultaneously perform entity recognition and
relation classification, thereby capturing the inherent interdependen-
cies between these tasks [122]. This architectural evolution has proven
particularly beneficial in mitigating error propagation while improv-
ing overall system performance, as demonstrated by recent compar-
ative studies that show joint approaches consistently outperforming
pipeline methods across various metrics and datasets. In this context,
recent work has explored hybrid joint architectures that combine Large
Language Models with structured neural components; for example,
[123, 124] propose joint entity and relation extraction frameworks that
integrate LLM-based representations with Graph Convolutional Net-
works or other joint learning mechanisms to better model structural
dependencies between entities and relations.

3.3.1 Benchmark Datasets and Evaluation Frameworks

The development of standardized benchmark datasets has been crucial
for advancing relation extraction research. The CoNLL04 dataset [125]
remains widely used for evaluating relation extraction systems, con-
taining annotations for entities and relations including Live_In, Lo-
cated_In, OrgBased_In, Kill, and Work_For. Recent surveys [122] identify
TACRED [126], DocRED [127], and FewRel [128] as the most prevalent
benchmark datasets, corresponding to sentence-level, document-level,
and few-shot relation extraction paradigms respectively. TACRED
serves as the primary benchmark for traditional sentence-level
approaches, providing a robust testbed for comparing different method-
ologies in controlled settings, while DocRED has become instrumental
for evaluating document-level methodologies that require understand-
ing of complex inter-sentential relationships and multi-hop reasoning
capabilities.
FewRel has emerged as the standard for few-shot evaluation, enabling
assessment of model generalization capabilities across diverse relation
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types and providing crucial insights into the adaptability of different
architectural approaches when faced with limited training data. The
diversity of evaluation datasets reflects the broad applicability of rela-
tion extraction techniques across various domains, including biomed-
ical literature, social media content, financial documents, and legal
texts [122]. This diversity underscores the importance of developing
robust and generalizable relation extraction methodologies that can
maintain performance across different textual genres, linguistic styles,
and domain-specific vocabularies while adapting to the unique chal-
lenges presented by each application area.
In addition to these widely used corpora, several further benchmark
datasets enrich the evaluation landscape. For example, SemEval-2010

Task 8: Multi-Way Classification of Semantic Relations between

Pairs of Nominals provides a widely-adopted sentence-level dataset
for semantic relation extraction across nine directional relations and
an “Other” relation [129]. Similarly, the ADE (Adverse Drug Events)
corpus offers a domain-specific biomedical benchmark focusing on
drug–adverse-effect relations, thereby highlighting the challenge of
fine-grained relation extraction in high-specialty sub-domains [130, 131].
Together, this benchmark corpus portfolio—from general-domain sentence-
level tasks to document-level and domain-specialized challenges—provides
the foundation for rigorous evaluation of relation extraction systems. It
emphasizes the dual need for high performance in controlled settings
and robust generalizability to domain-specific, few-shot, and cross-
sentence extraction scenarios.

3.3.2 Deep Learning Revolution in Relation Extraction

The advent of deep neural networks marked a transformative period in
relation extraction research. Pre-trained language models, particularly
BERT [132] and its variants, have emerged as the cornerstone of mod-
ern relation extraction systems. LUKE [133] introduced entity-aware
self-attention mechanisms that explicitly model entity representations
alongside contextual token representations, achieving substantial im-
provements on relation extraction benchmarks. The transformer archi-
tecture has fundamentally reshaped relation extraction methodologies,
with BERT’s bidirectional training objective, which predicts masked to-
kens based on both left and right context, aligning naturally with the
relational reasoning required in extraction tasks [122].
Research has shown that BERT-based models achieve state-of-the-art
performance across multiple relation extraction benchmarks, with RoBERTa
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demonstrating particular effectiveness in document-level relation ex-
traction scenarios [122]. Most past approaches focus on pre-trained
transformer models such as BERT[134] to downstream RE tasks [135].
Recent advances in RE have been driven by deep neural networks,
with large pre-trained language models achieving state-of-the-art per-
formance. However, despite these advances, several fundamental chal-
lenges persist in real-world deployment scenarios. The primary lim-
itation stems from the long-tail distribution of relations in natural
datasets. While frequent relations benefit from abundant training ex-
amples, the majority of relations suffer from severe data scarcity. This
creates a significant bottleneck since deep learning approaches require
substantial labeled corpora resources that are often unavailable in low-
resource settings [136]. This limitation becomes particularly problem-
atic for semantically complex tasks like RE, which require deep domain-
specific knowledge and robust generalization capabilities. Recent in-
vestigations have explored the application of generative approaches
to relation extraction, where REBEL [137] employs an autoregressive
model based on BART [138] that generates relation triplets using struc-
tured linearization formats. This generative paradigm has been suc-
cessfully extended to multilingual contexts with mREBEL [139], demon-
strating the versatility of sequence-to-sequence architectures for rela-
tion extraction tasks and establishing a new direction that treats re-
lation extraction as a text generation problem rather than traditional
classification.
A substantial body of research has investigated the incorporation of
external knowledge to enhance relation extraction performance, par-
ticularly in low-resource scenarios. Li et al. [140] proposed knowledge-
attention encoders that integrate prior knowledge from external lexical
resources such as FrameNet and Thesaurus.com into deep neural net-
works, while Gao et al. [141] introduced enriched sentence-level repre-
sentations by incorporating both structured knowledge from external
knowledge graphs and semantic knowledge derived from textual cor-
pora. More recently, ontology-guided validation approaches have been
proposed to improve the reliability of extracted relations; [142, 143]
introduce methods that combine ontological constraints with LLM-
based validation to verify and correct predicted relations, resulting in
improved precision, semantic consistency, and domain-specific adap-
tation. However, external knowledge sources present inherent chal-
lenges, including noise, incompleteness, and potential misleading in-
formation that may not align with specific contextual and domain re-
quirements.



36 related work

3.3.3 Large Language Models

Large Language Models (LLMs) represent perhaps the most transfor-
mative development in artificial intelligence in recent decades. Rather
than requiring task-specific architectures and training procedures, LLMs
demonstrate that a single model trained on diverse text can exhibit
remarkable competence across an extraordinary range of natural lan-
guage tasks [144]. The revolution brought by LLMs extends beyond
mere performance improvements. These models have introduced en-
tirely new paradigms for human-AI interaction, where complex tasks
can be accomplished through natural language prompts rather than
traditional programming interfaces. This shift has democratized access
to AI capabilities, enabling users without technical expertise to harness
sophisticated language understanding and generation for their specific
needs.
Large models can learn to perform new tasks simply by observing
examples within their input context, without any parameter updates.
This capability effectively turns the model’s forward pass into a form
of rapid adaptation, enabling few-shot learning across diverse domains.
Chain-of-thought reasoning allows models to solve complex problems
by breaking them down into intermediate steps, much like human
problem-solving strategies. Rather than attempting to jump directly to
answers, models can articulate their reasoning process, leading to dra-
matic improvements on mathematical, logical, and commonsense rea-
soning tasks. The instruction following enables models to understand
and execute complex natural language instructions, even for tasks they
haven’t explicitly seen during training. This capability bridges the gap
between human intent and machine execution, making LLMs far more
versatile and user-friendly. Modern LLM training typically progresses
through multiple phases, each serving specific purposes in develop-
ing the model’s capabilities. The foundation of LLM training rests on
self-supervised learning objectives that enable models to learn from
vast amounts of unlabeled text. Causal language modeling trains mod-
els to predict the next token in a sequence given all previous tokens,
following the objective:

LCLM = −
T

∑
t=1

logP(xt∣x<t;θ)

This autoregressive approach naturally enables text generation ca-
pabilities while fostering deep understanding of language structure
and content. The simplicity of this objective belies its power—by learn-
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ing to predict the next word across billions of text snippets, models
develop remarkably sophisticated understanding of syntax, semantics,
and world knowledge.

3.3.4 Large Language Models for Relation Extraction

The emergence of Large Language Models has introduced new
paradigms for relation extraction research. Pan et al. [145] provide a
comprehensive analysis of the integration between LLMs and knowl-
edge graphs, highlighting the potential of LLMs to function as dy-
namic knowledge bases with superior contextual understanding capa-
bilities. Unlike static external knowledge resources, LLMs demonstrate
remarkable ability to capture implicit relationships, resolve ambigui-
ties, and interpret complex linguistic phenomena including metaphors,
negations, and conditional statements [122]. Recent studies [146], [122]
have shown that LLMs, particularly models like T5, Flan-T5 and GPT
variants, exhibit promising performance in few-shot relation extrac-
tion scenarios, demonstrating their capacity to identify previously un-
seen relations with minimal training examples. Beyond direct infer-
ence, recent research has investigated distillation-based strategies to
transfer LLM-generated knowledge into less resource consumption
extraction models. Additionally, automatic prompt design strategies,
such as PSOPL [147], have been shown to optimize LLM prompts for
medical information extraction tasks, improving performance and re-
ducing human effort. Zero-shot relational triplet extraction has also
benefited from LLM generalization through multi-task data fusion [148],
where generation and understanding tasks are integrated to improve
performance on unseen relations. Despite their promise, LLMs con-
tribute only approximately 25% to overall state-of-the-art results in re-
lation extraction [122]. This disparity suggests that while LLMs excel
in generative and few-shot scenarios, traditional transformer models
like BERT and RoBERTa remain more effective for standard relation ex-
traction benchmarks. The phenomenon can be attributed to the inher-
ent suitability of BERT-like models for downstream classification tasks,
whereas LLMs demonstrate their strength in tasks requiring extensive
contextual generation and reasoning with limited examples. Despite
these advances, the potential of LLMs to support and improve down-
stream RE remains largely underexplored. Given their demonstrated
utility, further investigation into their integration with RE workflows
is both timely and necessary.
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4
I M B A L A N C E L E A R N I N G I N N A M E D E N T I T Y
R E C O G N I T I O N

This chapter investigates the pervasive issue of class imbalance in
Named Entity Recognition systems, a fundamental problem that signif-
icantly affects model performance across different entity types. Given
such scenario, the investigation evaluates multiple rebalancing strate-
gies applied to widely-used English NER benchmarks, specifically OntoNotes
5.0 and CoNLL-2003, to discuss which approaches best mitigate per-
formance degradation on minority entity classes.

research questions

RQ 4.1 - How can we effectively address class imbalance in Named
Entity Recognition tasks?

4.1 methodology

Class imbalance represents a persistent challenge in sequence labeling
tasks, where certain entity types are significantly underrepresented
compared to others. In NER datasets, this manifests as a predominance
of non-entity tokens (labeled as "O" in BIO tagging schemes shown in
Table 1) and common entity types such as PERSON, LOCATION, and
ORGANIZATION, while fine-grained entities like WORK_OF_ART,
LANGUAGE, or ORDINAL appear infrequently. This section presents
a comprehensive approach to addressing class imbalance through mul-
tiple complementary strategies, Figure 4 show common state-of-the art
techniques and their outputs on a sample sentence.

4.1.1 Resampling Techniques

Resampling techniques modify the training data distribution to providea
more balanced representation across entity classes. Our approach en-
compasses both oversampling and undersampling strategies, imple-
mented at different granularities.

41
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Figure 4: Original training instance and different types of augmented in-
stances. Author highlight changes using blue color. Note that LwTR
(Label-wise token replacement) and SiS (Shuffle within segments)
change token sequence only, whereas SR (Synonym replacement)
and MR (Mention replacement) may also change the label sequence.
source [149]

Random Oversampling (ROS)

Random oversampling increases the representation of minority classes
by duplicating existing instances. For NER tasks, we implement a
token-level strategy, the approach follows a personalized pipeline where:

1. A subset of underrepresented entity types is selected based on
frequency analysis and F1-score performance on the validation
set

2. The identified subset includes: I-ORDINAL, I-LAW, I-NORP, I-EVENT,
I-WORK_OF_ART, B-FAC

3. Tokens labeled with these entity types are randomly duplicated
within their original sentence context

4. The resampling ratio is determined empirically to avoid overfit-
ting while improving minority class representation

While this approach may occasionally disrupt sentence semantics
due to its token-level nature, it provides benefits for the directly re-
sampled I-tags.

Random Undersampling (RUS)

Random undersampling addresses class imbalance by reducing the
majority class representation. In NER tasks, the "O" (outside entity) tag
typically constitutes the overwhelming majority. Our implementation
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uses the RandomUndersampler from the imbalanced-learn library with
a majority strategy, focusing exclusively on reducing "O" tokens while
preserving all entity-labeled tokens.

The strategy parameters include:

• Target class: "O" (outside entity)

• Sampling strategy: majority (resample only the majority class)

• Preservation: All entity-labeled tokens remain unchanged

Sentence-Level Resampling

To preserve semantic coherence, we implement sentence-level resam-
pling strategies that compute importance scores for entire sentences
based on their entity composition. This approach, inspired by [16],
uses three scoring functions:

Smoothed Count (sC): The basic scoring function considers the total
count of entity tokens in a sentence:

fsCs = 1+ ∑
t∈T
c(t, s) (1)

where T represents the set of all possible entity types except "O", and
c(t, s) denotes the count of tokens with entity type t in sentence s.
Smoothed Count with Rareness (sCR): This function incorporates en-
tity type rareness, measured as self-information:

rt = − log2

∑s∈S c(t, s)
N

(2)

fsCR
s = 1+ ∑

t∈T
rt ⋅ c(t, s) (3)

where N is the total number of tokens in the training set.
Smoothed Count with Rareness and Density (sCRD): The most com-
prehensive scoring function includes sentence length normalization:

fsCRD
s = 1+

∑t∈T rt ⋅ c(t, s)
√
ls

(4)

where ls represents the length of sentence s. The square root normal-
ization prevents excessive penalization of longer sentences.
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4.1.2 Data Augmentation

Data augmentation techniques create synthetic training examples to
improve model robustness and address class imbalance. Our approach
focuses on preserving entity information while introducing lexical vari-
ation.

Synonym Replacement

We implement a sentence-level augmentation strategy using the Aug-
menty framework [150]. The process involves:

1. Sentence Selection: Identify sentences containing any of the ten
least frequent entity labels: I-LAW, B-EVENT, B-QUANTITY, B-PRODUCT,
I-PRODUCT, I-NORP, B-LANGUAGE, B-LAW, I-LANGUAGE, I-ORDINAL

2. Synonym Augmentation: Apply WordNet-based synonym re-
placement using the wordnet_synonym_v1 augmenter

3. Entity Preservation: Ensure that entity-labeled tokens maintain
their original labels in augmented sentences

Example transformation:

• Original: "Augmenty is a wonderful tool for augmentation."

• Augmented: "Augmenty is a fantastic mechanism for augmenta-
tion."

4.1.3 Focal Loss Training

Focal Loss addresses class imbalance by reformulating the standard
cross-entropy loss to down-weight easy examples and focus training
on hard, misclassified cases. Originally proposed by Lin et al. [151] for
object detection tasks, we adapt this loss function to the token classifi-
cation setting in NER.

The Focal Loss is defined as:

LFL = −αt(1−pt)
γ log(pt) (5)

where:

• pt is the model’s estimated probability for the correct class

• γ ≥ 0 is the focusing parameter that adjusts the rate at which easy
examples are down-weighted
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• αt is the class-specific weighting factor

The focusing parameter γ smoothly adjusts the contribution of easy
examples to the loss. When γ = 0, Focal Loss is equivalent to stan-
dard cross-entropy. As γ increases, the effect of the modulating factor
(1 − pt)

γ increases, reducing the relative loss for well-classified exam-
ples. We use γ = 2.0 as the default value, following the original imple-
mentation.

Class Weight Computation: To address class imbalance, we employ
balanced class weights αt computed automatically from the training
data distribution. The weight for each class i is calculated as:

αi =
Ntotal

Nclasses ⋅Ni
(6)

where Ntotal is the total number of labeled instances, Nclasses is
the number of distinct classes, and Ni is the number of instances for
class i. This inverse frequency weighting ensures that rare entity types
(e.g., LAW, EVENT, LANGUAGE) receive proportionally higher weight dur-
ing training, while the focusing parameter simultaneously prevents the
model from being overwhelmed by easy negative examples, which typ-
ically dominate in NER datasets due to the prevalence of non-entity to-
kens. The combination of class balancing and difficulty-based weight-
ing enables the model to learn effectively from both minority classes
and challenging examples simultaneously.

Alternative Augmentation Strategies

Building on established NER augmentation techniques [152], other
strategies presented in Figure 4 are:
Label-wise Token Replacement (LwTR): For each token, a binomial
distribution determines replacement probability. If selected, the token
is replaced with another token sharing the same label from the train-
ing distribution.
Mention Replacement (MR): Complete entity mentions are replaced
with alternative mentions of the same entity type, preserving mention
boundaries and label consistency.
Shuffle within Segments (SiS): Token sequences are segmented by la-
bel type, and tokens within each segment are randomly shuffled while
maintaining label order.
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4.2 experimental setup

4.2.1 Dataset and Configuration

All experiments are executed on the OntoNotes 5.0 [17], and CoNLL03

[18] datasets. The first one contains 18 distinct entity types exhibiting
significant class imbalance. The dataset’s hierarchical structure ranges
from common entities (PERSON, LOCATION, ORGANIZATION) to
fine-grained categories (WORK_OF_ART, LANGUAGE, ORDINAL).
The second one has a tagset composed of 4 coarse-grained entity types:
PERSON, LOCATION, ORGANIZATION and MISCELLANEOUS.

BERT transformer model is finetuned for 10 epochs with BIO-scheme
target representation for sequence-labeling and Spancategorizer (Span-
cat) component [153] from SpaCy [154] is trained for 35 epochs with
span length restricted to 1, effectively implementing BIO-scheme to-
ken classification. A span categorizer consists of two parts: a sug-
gester function that proposes candidate spans and a labeler model
that predicts zero or more labels for each candidate [155]. This config-
uration enables direct comparison with traditional sequence labeling
approaches while leveraging the span-based architecture’s advantages.

4.2.2 Evaluation Metrics

Model performance is evaluated using three F1-score variants:

• Micro F1: Aggregates true positives, false positives, and false
negatives across all classes

• Macro F1: Averages F1 scores across all classes, giving equal
weight to each class

• Weighted F1: Averages F1 scores weighted by class support

These metrics provide complementary perspectives on model per-
formance, with Macro F1 being particularly sensitive to minority class
performance.

4.2.3 Experimental Results

Tables 2 and 3 presents comprehensive results across all implemented
techniques.

The effectiveness of different techniques varies substantially between
SpanCat and BERT models. For SpanCat, the smoothed count (sC)
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Table 2: Performance comparison of imbalance learning techniques on
OntoNotes 5.0. Bold indicates the best configuration versus model
baseline.

Method Micro F1 Macro F1 Weighted F1

SpanCat 0.8186 0.6668 0.8157

SpanCat (RUS) 0.2179 0.2169 0.2936

SpanCat (ROS) 0.8210 0.6798 0.8221

SpanCat (sC) 0.8349 0.6818 0.8371

SpanCat (sCR) 0.8250 0.6761 0.8280

SpanCat (sCRD) 0.8149 0.6705 0.8181

SpanCat Synonym Replacement 0.8259 0.6743 0.8247

Spancat Focal Loss 0.8112 0.6785 0.8123

BERT 0.8957 0.7819 0.8953

BERT (RUS) 0.2184 0.0487 0.2184

BERT (ROS) 0.9045 0.7910 0.9045

BERT (sC) 0.8981 0.7748 0.8970

BERT (sCR) 0.8768 0.7545 0.8752

BERT (sCRD) 0.8990 0.7825 0.8980

BERT Synonym Replacement 0.9039 0.7893 0.9037

BERT Focal Loss 0.8477 0.7136 0.8561

strategy achieves the greatest improvements on OntoNotes 5.0, achiev-
ing the best performance across all metrics. However, on CoNLL03,
random oversampling (ROS) and synonym replacement show compet-
itive or superior results, suggesting that the optimal strategy depends
on dataset characteristics.
For BERT models, random oversampling emerges as the dominant
strategy across both datasets, consistently achieving the best micro
and macro F1 scores. This represents a notable divergence from Span-
Cat results and suggests that BERT’s contextual representations ben-
efit more from simple data duplication than from sophisticated re-
sampling strategies. Random undersampling produces catastrophic
failures across all configurations, with performance dropping below
0.22 on OntoNotes and 0.12 on CoNLL03 for both models. This con-
sistent pattern confirms that majority class tokens, particularly the "O"
tag, provide essential contextual information for entity boundary de-
tection.
Focal loss training shows inconsistent results, improving SpanCat per-
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Table 3: Performance comparison of imbalance learning techniques on
CoNLL03. Bold indicates the best configuration versus model base-
line.

Method Micro F1 Macro F1 Weighted F1

SpanCat 0.7558 0.7428 0.7565

SpanCat (RUS) 0.1994 0.2505 0.3048

SpanCat (ROS) 0.7723 0.7485 0.7746

SpanCat (sC) 0.7685 0.7384 0.7728

SpanCat (sCR) 0.7708 0.7370 0.7753

SpanCat (sCRD) 0.7721 0.7405 0.7748

SpanCat Synonym Replacement 0.7770 0.7467 0.7783

SpanCat Focal Loss 0.7761 0.7462 0.7795

BERT 0.9149 0.8828 0.9158

BERT (RUS) 0.1022 0.0967 0.1250

BERT (ROS) 0.9215 0.8928 0.9221

BERT (sC) 0.9021 0.8673 0.9023

BERT (sCR) 0.8916 0.8588 0.8920

BERT (sCRD) 0.9075 0.8737 0.9078

BERT Synonym Replacement 0.9130 0.8833 0.9131

BERT Focal Loss 0.9065 0.8669 0.9085

formance on CoNLL03 but degrading BERT performance on both datasets.
This suggests that focal loss may be better suited to simpler models or
that the hyperparameters require careful tuning for transformer archi-
tectures. The comparison between sCR and sCRD across both models
reveals that density normalization consistently underperforms relative
to simple rareness weighting. This pattern suggests that longer sen-
tences containing rare entities should not be penalized, as they likely
provide valuable contextual information that aids generalization. The
decreased performance with sCRD indicates that sentence length is not
a reliable proxy for redundancy or noise in entity recognition tasks.
Synonym replacement demonstrates modest but consistent improve-
ments for SpanCat, particularly on CoNLL03 where it achieves com-
petitive or best weighted F1 scores. However, its impact on BERT is
more limited, suggesting that lexical variation matters less when the
model already has access to rich contextual embeddings.
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4.3 discussion

The experimental results highlight a fundamental trade-off between
model complexity and the effectiveness of rebalancing strategies. While
SpanCat benefits from carefully designed sentence-level techniques
like smoothed count, BERT’s superior performance with simple ran-
dom oversampling suggests that pre-trained contextual representations
reduce the need for elaborate augmentation schemes.
Random undersampling failed catastrophically in every configuration,
highlighting that this strategy fundamentally disrupts the composi-
tional structure of sentences on which the model depends.
The divergent behavior of focal loss between SpanCat and BERT hints
at deeper interactions between loss function design and model capac-
ity. The degraded BERT performance suggests that focal loss may inad-
vertently interfere with the fine-tuning dynamics of pre-trained mod-
els, potentially disrupting learned representations. This warrants an in-
vestigation into loss functions specifically designed for transfer learn-
ing scenarios rather than adapting techniques from computer vision
domains.

RQ 4.1 - How can we effectively address class imbalance in
Named Entity Recognition tasks?

The choice of the optimal strategy is strongly conditioned on the
underlying model architecture. Sentence-level resampling meth-
ods, such as Smoothed Count, yield the best results when ap-
plied to span-based architectures like SpanCategorizer, whereas
for transformer-based models leveraging pre-trained represen-
tations, simple Random Oversampling proves to be an effective
and adequate solution.

A limitation of this investigation is the focus on two English datasets
with specific entity type distributions, leaving open questions about
generalization to morphologically rich languages or domain-specific
corpora with extreme imbalance ratios. Future work should investi-
gate the interaction between data augmentation and few-shot learn-
ing paradigms, particularly whether contrastive learning objectives
could better leverage augmented examples for rare entity types. Fur-
thermore, hybrid strategies combining balanced undersampling with
sentence-level resampling offer potential for addressing both efficiency
and effectiveness concerns simultaneously. Multi-stage approaches that
apply different strategies to distinct entity types could provide more
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nuanced solutions, while adaptive resampling mechanisms that ad-
just strategies based on entity frequency distributions during training
show promise for dynamic optimization. While the imbalance learn-
ing techniques explored in this chapter—ranging from sentence-level
resampling to focal loss and synonym replacement—successfully im-
prove performance on minority entity classes, they expose a broader
challenge in resource-efficient NER: the computational and data costs
required to achieve robust performance. Random oversampling, de-
spite proving most effective for BERT models, increases dataset size
and training time proportionally to the resampling rate, demanding
additional GPU resources and energy consumption. More sophisti-
cated techniques like smoothed count resampling compound these
costs by requiring complex probability calculations and iterative sam-
pling procedures, while synonym replacement necessitates external
linguistic resources and additional processing overhead. Furthermore,
the catastrophic failure of undersampling approaches eliminates the
most computationally attractive option, forcing practitioners toward
data expansion strategies that scale poorly to production environments.
These resource constraints become even more acute in domain adap-
tation scenarios, where the imbalance patterns observed here (minor-
ity entity classes requiring augmentation to achieve adequate perfor-
mance) intersect with the fundamental scarcity of labeled data in new
domains. An organization deploying NER across multiple specialized
domains faces a multiplicative resource burden: not only must each do-
main’s class imbalance be addressed through data augmentation, but
entirely new labeled datasets must be created and models retrained
from scratch. The computational expense of repeatedly training trans-
former models like BERT, combined with the annotation costs for domain-
specific corpora, creates a significant barrier to scalable NER deploy-
ment.
Chapter 5 addresses this challenge by proposing an approach that
extracts and reuses rich feature representations from source domain
models, enabling target domain entity recognition under severe re-
source constraints where both computational budget and labeled train-
ing data are limited.
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C R O S S - D O M A I N N A M E D E N T I T Y R E C O G N I T I O N

Traditional NER systems operate under the assumption that training
and test data share the same feature space and underlying distribution.
However, when adapting a NER system to a new target classification
schema, this assumption may not hold. Since new data may exhibit dif-
ferent representation characteristics and follow distinct distributions
compared to the source domain, the absence of appropriate training
sets poses significant challenges regarding human effort, resource allo-
cation, and time investment [156].
The challenges of cross-domain adaptation in NER are particularly pro-
nounced in real-world applications where entities may be defined dif-
ferently across domains, datasets may exhibit varying linguistic charac-
teristics, and computational resources for model adaptation are often
limited. Traditional approaches to domain adaptation typically require
substantial amounts of labeled data in the target domain and compu-
tationally expensive fine-tuning procedures, which can be prohibitive
in many practical scenarios.
To address these limitations, this chapter presents an efficient super-
vised approach that aims to transfer knowledge from a source do-
main to a target domain for Named Entity Recognition purposes. The
proposed method enables learning target domain labels and distri-
butions by exploiting token-level features derived from transformer-
based models pre-trained on source domains, including attention pat-
terns, hidden states, and probability vectors. In particular, by leverag-
ing transformer model characteristics across different tagsets, satisfac-
tory results can be achieved using only 10% of the available training
set.
The key contributions of this chapter include:

• A feature extraction framework that captures rich semantic infor-
mation from pre-trained transformers

• A heterogeneous ensemble methodology based on Bayesian Model
Averaging that effectively combines multiple lightweight classi-
fiers

51



52 cross-domain named entity recognition

• Comprehensive evaluation across six distinct transfer scenarios
demonstrating competitive performance with significantly reduced
computational requirements

This approach provides a computationally efficient alternative to
fine-tuning-based transfer learning methods, while maintaining com-
petitive performance across diverse domain adaptation scenarios.

research questions

RQ 5.1 - How can features obtained from a source domain be lever-
aged to learn target domain labels and distributions efficiently, achiev-
ing performance close to fine-tuned transformers but with lower com-
putational cost?

RQ 5.2 - Which representations matter most to deal with the prob-
lem of transfer learning for NER?

5.1 problem formulation and methodology

Transfer learning in Named Entity Recognition involves adapting a
model trained on a source domain S with entity types YS to a target
domain T with potentially different entity types YT . Traditional ap-
proaches typically require substantial labeled data in the target domain
and computationally expensive fine-tuning. In this work, we address
a challenging scenario characterized by:

1. Limited Target Domain Data: Labeled data in the target domain
is scarce, representing realistic conditions where annotation is
expensive or time-consuming

2. Computational Constraints: Computational resources for fine-
tuning are minimal, making traditional approaches impractical

3. Schema Heterogeneity: Entity types and distributions differ sig-
nificantly between source and target domains, requiring sophis-
ticated mapping strategies

In particular, we verify the hypothesis that trivial token-level repre-
sentations from transformer models pre-trained on a source domain
contain sufficient information to accurately recognize entities in a tar-
get domain, requiring only a small portion of labeled target data for
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training classifiers with limited computational resources. To this pur-
pose, we aim at creating a feature space, without the necessity of the
expensive costs of fine-tuning, that is able to characaterize entities in
the source domain and to learn the relationship with the target do-
main.

5.1.1 Input Space Representation

In order to reuse as much as possible the knowledge about the lan-
guage of existing pre-trained models, therefore reducing the energy
consumption costs required to fine-tune them, we extracted the follow-
ing token representations. In particular, a token in a given sentence can
be represented as follows:

• Contextualized Hidden States — represent the deep semantic
and syntactic properties of each token, capturing the influence of
its surrounding context across multiple layers.

• Attention Scores — model the internal dependency structure
among tokens, indicating how contextual information is
distributed and how each token contributes to the representation
of others within the sequence.

• Source Probability Distribution — reflects the model’s output
confidence over possible token classes, encoding domain-specific
priors and uncertainty patterns learned during pre-training.

As shown in Figure 5, these features are extracted from the pre-
trained transformer architecture to create a rich representation space.

Contextualized Hidden States

The contextualized hidden states represent the core semantic encoding
produced by transformer models. These representations capture rich
contextual information about each token based on its surrounding lin-
guistic context. For a token i, we derive a vector hi ∈ Rd, where d is
the hidden dimension of the transformer model. Hidden states repre-
sentations are taken from the last layer of the pre-trained transformer
architecture used. These representations have been shown to capture
hierarchical linguistic information, from low-level morphological fea-
tures to high-level semantic relationships, making them particularly
valuable for cross-domain transfer.
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Figure 5: Input space features extraction from pre-trained BERT architecture.
Output layer is used to get Source Probability Distribution, while
last layer provide Contextualized Hidden Stasets and Attention
Scores.

Attention Scores

The attention mechanism in transformer models provides explicit in-
formation about which parts of the input sequence are most relevant
for processing each token. We extract attention weights from the final
layer of the pre-trained language model to capture these relevance pat-
terns.
For each token i, we derive an attention tensor Ai ∈ Rm×n×n, where
m is the number of attention heads and n is the sequence length. Each
tensor Ai, combining attention values obtained in head, is reshaped
into a one-dimensional vector ai to create an attention-based feature
representation. By incorporating attention patterns, we can leverage
the model’s learned focus mechanisms to improve entity recognition
accuracy across domains.
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Source Probability Distribution

The third component of our feature representation leverages the confi-
dence and uncertainty information from the source domain model. For
each token i, we extract the probability distribution across the source
tagset.
For a token i, we derive a vector pi ∈ R∣YS∣, where YS is the source
tagset. The inclusion of probability distributions allows our approach
to leverage not just the hard predictions from the source model, but
also the uncertainty and confidence patterns that provide additional
information for cross-domain adaptation.

5.1.2 Learning Objective and Feature Integration

The three feature types introduced above enable us to create a com-
prehensive input space for representing each entity mention. This rep-
resentation can subsequently be used to learn the mapping from pre-
dicted source types ys ∈ YS to target types yt ∈ YT .
Let ES = {es1 ,es2 , . . . ,esn} be a set of entity mentions annotated ac-
cording to a source tagset YS, and let MS be a pre-trained language
model underlying a NER system trained on the source domain. Sim-
ilarly, let ΨT = {ψt1 ,ψt2 , . . . ,ψtr} be a (small) set of entity mentions
available for training in the target domain under the tagset YT .
Rather than fine-tuning a pre-trained model using ΨT , our main ob-
jective is to train shallow classifiers on the previously defined input
space to learn the mapping from source domain predictions to target
domain labels. Given a token i, we represent it using its contextualized
hidden states vector hi, attention score vector ai, and source probabil-
ity distribution vector pi.
In its general form, the input space X for a token i is denoted as:

Xi = hi ⊕ai ⊕pi (7)

where ⊕ denotes the concatenation operator.
Our main goal is to learn a function f ∶ Xi → yt ∈ YT such that:

g(Xi) = arg max
yt∈YT

f(Xi,yt) (8)

To accomplish this task, we employ a diverse set C of shallow machine
learning algorithms, specifically: Support Vector Machine, Stochastic Gra-
dient Descent, Passive Aggressive, Perceptron, and Multi-Layer Perceptron.
Each classifier is trained independently on different feature spaces or
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subspaces, resulting in a diverse ensemble with varying strengths and
complementary error patterns.
The diversity in both feature spaces and classifier types is crucial for
achieving robust performance across different domain adaptation sce-
narios. By training classifiers on different combinations of features
(e.g., Xi = hi ⊕ai, Xi = ai, etc.), we can capture different aspects of the
domain transfer problem and leverage the complementary strengths
of various machine learning approaches.

5.1.3 Heterogeneous Bayesian Model Averaging

To effectively leverage the complementarity of different classifiers and
feature types, we employ a sophisticated ensemble approach based on
Bayesian Model Averaging (BMA), initially proposed in [157]. Our ap-
proach extends this framework to handle heterogeneous feature spaces
and classifier types, which we term Heterogeneous Bayesian Model Av-
eraging (HBMA).
The ensemble methodology involves training multiple machine learn-
ing models using various combinations of the extracted features. The
models are trained on different subspaces of Xi, including:

• Full feature space: Xi = hi ⊕ai ⊕pi

• Pairwise combinations: Xi = hi ⊕ai, Xi = hi ⊕pi, Xi = ai ⊕pi

• Individual features: Xi = hi, Xi = ai, Xi = pi

The resulting set of trained models are combined according to the
BMA ensemble paradigm, which considers both the marginal proba-
bility and the reliability of each model to generate the final prediction.
The final ensemble is composed of the optimal combination of base
classifiers selected from all possible sets of models trained on different
feature spaces.

This ensemble approach enables effective knowledge transfer by ex-
ploiting complementary information captured in different feature sub-
spaces while relying on the specific capabilities of each model. There-
fore, since we train the models on heterogeneous spaces, we will de-
note the proposed approach as Heterogeneous Bayesian Model Aver-
aging (HBMA). A graphical representation of the proposed approach
is reported in Figure 6.
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Figure 6: Workflow of the proposed Heterogeneous Bayesian Model Averag-
ing approach for Cross-Domain NER transfer learning. The frame-
work extracts three types of features from pre-trained transformers
and combines multiple shallow classifiers, trained on these features,
through Bayesian model averaging.

5.2 experimental design and datasets

We evaluate our approach using three well-established benchmark datasets
that represent diverse characteristics in terms of size, annotation schema,
and linguistic properties. This diversity makes them particularly suit-
able for evaluating cross-domain adaptation capabilities.

5.2.1 Datasets

OntoNotes 5.0 [17] is a comprehensive multilingual dataset that pro-
vides rich annotations across multiple domains including news, broad-
cast conversations, telephone conversations, web data, and religious
texts. The dataset features a hierarchical annotation scheme with 18

entity types, making it one of the most comprehensive NER datasets
available.
CoNLL-2003 [18] represents the classic benchmark in NER evaluation,
focusing on news domain text with a flat annotation scheme. Despite
having only 4 entity types, it remains widely used due to its well-
established evaluation protocols and clean annotations.
MultiNERD [19] is a more recent multilingual dataset that spans 11

languages and covers diverse domains including news, Wikipedia, so-
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cial media, and web content. It features 15 entity types with a hierar-
chical annotation scheme and represents modern NER challenges.
The entity tag sets for each dataset are:

• CoNLL-2003: Person, Organization, Location, Miscellaneous

• OntoNotes 5.0: Person, Organization, Location, GPE, Facility, Time,
Date, Money, Cardinal, Percent, Product, Event, Work Of Art, Ordinal,
Language, Law, NORP, Quantity

• MultiNERD: Person, Location, Organization, Animal, Bio, Celestial
Body, Disease, Event, Instrument, Media, Mythology, Plant, Time, Ve-
hicle, Food

Table 4: Comprehensive dataset statistics of three benchmarks used for Cross-
Domain NER evaluation

Feature OntoNotes 5.0 CoNLL-2003 MultiNERD

Domains
News, broadcast,

telephone, web, religious
News

News, wiki,

social media, web

Entity Types 18 4 15

Total Entities 153,092 35,089 54,020

Languages English, Chinese, Arabic English, German 11 languages

Publication Year 2013 2003 2021

Annotation Scheme Hierarchical Flat Hierarchical

Token Count ∼1.6M ∼301K ∼365K (English)

Table 4 reports a few statistics related to the considered datasets. The
granularity of the tagsets presents both challenges and opportunities
for adapting NER systems from a source to a target domain. For in-
stance, LOC category in CoNLL-2003 encompasses both GPE (Geopo-
litical Entity) and LOC (Location) categories in OntoNotes, requiring
the model to learn fine-grained distinctions or appropriate generaliza-
tions. MultiNERD introduces specialized categories like Animal and
Plant that have no direct correspondence in other datasets, testing the
model’s ability to handle novel entity types.
The proposed approach has been compared against
fine-tuning transformer-based architectures suitable for NER purposes,
i.e. BERT-NER [158]. More precisely, the BERT-NER models imple-
mented with transformers library from Huggingface are pre-trained
on Ontonotes5.01, pre-trained on MultiNERD2 and pre-trained on ConLL03

3

1 https://huggingface.co/djagatiya/ner-bert-base-cased-ontonotesv5-englishv4

2 https://huggingface.co/medxiaorudan/bert-base-cased-finetuned-MultiNERD-SystemA

3 https://huggingface.co/datasets/eriktks/conll2003

https://huggingface.co/djagatiya/ner-bert-base-cased-ontonotesv5-englishv4
https://huggingface.co/medxiaorudan/bert-base-cased-finetuned-MultiNERD-SystemA
https://huggingface.co/datasets/eriktks/conll2003
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For each tansfer-learning scenario reported in Table 5, source BERT-
NER models are fine-tuned using a batch size of 32 for 3 epochs.

5.2.2 Transfer Learning Configurations

We evaluate our approach across all possible bidirectional transfer sce-
narios between the three datasets, resulting in six distinct transfer con-
figurations as shown in Table 5. Each configuration presents unique

Table 5: Cross-Domain transfer scenarios and their complexity characteristics

Source Target Transfer Complexity

OntoNotes 5.0 CoNLL-2003 High (18 → 4 types)

CoNLL-2003 OntoNotes 5.0 High (4 → 18 types)

OntoNotes 5.0 MultiNERD Medium (18 → 15 types)

MultiNERD OntoNotes 5.0 Medium (15 → 18 types)

CoNLL-2003 MultiNERD High (4 → 15 types)

MultiNERD CoNLL-2003 High (15 → 4 types)

challenges:
High Complexity Transfers: Scenarios involving CoNLL-2003 are particu-
larly challenging due to the significant difference in tagset granularity.
Transferring from CoNLL-2003 to OntoNotes or MultiNERD requires
learning to distinguish between fine-grained categories, while the re-
verse direction requires appropriate generalization.
Medium Complexity Transfers: From OntoNotes to MultiNERD transfers
involve similar numbers of entity types but different domain charac-
teristics and some non-overlapping categories.
For each transfer scenario, we evaluate performance using three dif-
ferent target domain training set sizes: 5000, 2500, and 1200 instances.
These settings simulate realistic scenarios with limited annotated data
and allow us to assess both model capabilities and resource consump-
tion under different data availability conditions.

5.3 evaluation methodology

5.3.1 Entity Recognition Capabilities

Our evaluation employs the standard BIO (Beginning, Inside, Outside)
tagging schema for sequence labeling in NER tasks. The primary met-
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rics for assessment are entity-level precision, recall, and F1 score [159],
which are computed based on exact entity match criteria.
It is crucial to note that an entity is considered correctly predicted only
if both boundaries and type are exactly matched. This strict evaluation
criterion reflects real-world requirements where both the span and se-
mantic type of an entity must be correct to be useful for downstream
applications. This evaluation approach ensures that our results are di-
rectly comparable with established benchmarks in the NER literature.

5.3.2 Resource Consumption Analysis

To comprehensively assess the efficiency advantages of our approach,
we measure several key resource utilization indicators during both
training and inference phases:

• CPU Usage (%): Average CPU utilization during training and
inference phases, sampled at regular intervals

• GPU Memory (GB): The amounts of GPU memory (GB) used
during training and inference

• RAM Usage (GB): System memory footprint, important for un-
derstanding scalability limitations

• Execution Time (s): Wall-clock time required to process the tar-
get domain test set, crucial for real-time applications

These measurements enable direct comparison between our pro-
posed approach and fine-tuning-based methods, providing insights
into the practical deployment implications of each approach. The re-
source analysis is particularly relevant for understanding the envi-
ronmental impact and cost implications of different transfer learning
strategies.

5.3.3 Experimental Infrastructure

To ensure reproducible and fair evaluation, we conducted all experi-
ments on a standardized hardware configuration:

• CPU: AMD Ryzen 7 5700G 8-Core Processor (3.8 GHz base, 4.6
GHz boost)
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• GPU: NVIDIA GeForce RTX 3090 with 24 GB GDDR6X memory

• RAM: 64 GB DDR4-3200 MHz

• Operating System: Ubuntu 20.04 LTS

• CUDA: Version 12.0 with NVIDIA driver 525.105.17

The software environment includes PyTorch 2.0.1, Hugging Face Trans-
formers library (version 4.30.2) for transformer components, and scikit-
learn 1.3.0 for the machine learning classifiers. This configuration pro-
vides sufficient computational resources to fairly evaluate both ap-
proaches while representing realistic deployment scenarios for many
organizations.

5.4 results and analysis

Table 6 presents a comprehensive comparison between our Heteroge-
neous Bayesian Model Averaging (HBMA) approach and fine-tuned
BERT across all six transfer scenarios and three training data sizes, re-
porting both resource consumption and entity recognition capabilities.

The transfer from MultiNERD to CoNLL reveals a good trade-off
between efficiency and prediction capabilities. We can easily note that
HBMA not only outperforms the fine-tuned Bert in terms of F1 mea-
sure, but its resource consumption is approximately 8-12 times less
in terms of GPU during training. The transfer from CoNLL to Multi-
NERD shows a substantial difference in inference times between ap-
proaches. In fact, HBMA takes ∼125s while BERT ∼215s, implying that
the proposed approach is able to achieve comparable F1 with respect to
the model baseline but at half of the inference time. When considering
the transfer from Ontonotes to MultiNERD, we can similarly highlight
that HBMA achieves comparable performances in terms of F1 score,
but with a substantially lower resource consumption at inference time.
Regarding the transfer from Ontonotes to CoNLL, HBMA is able to sig-
nificantly outperform the state-of-the-art baseline also using a decreas-
ing number of training instances. The transfer scenario from MultiN-
ERD to Ontonotes represents the only case where BERT consistently
outperforms HBMA across the different training set sizes. Finally, also
in the case of transfer from CoNLL to Ontonotes we can highlight that
HBMA outperform the state-of-the-art Bert-based model, still main-
taining a reduced resource consumption at inference time.
As a general remark, we can affirm that HBMA generally achieves
competitive or superior performance compared to BERT fine-tuning,
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Table 6: Model Comparison: Resource consumption vs Prediction Capabili-
ties

Experiment Model
Training Inference

F1
CPU RAM GPU

Execution

Time (s)
CPU RAM GPU

(%) (GB) (GB) (%) (GB) (GB)

5K Training Instances CoNLL Test Set

MultiNERD

↓

CoNLL

HBMA 30.89 11.64 1.71 23.25 4.32 1.57 1.06 0.864

Bert 6.19 13.21 15.34 24.28 10.5 2.94 1.40 0.843

2.5K Training Instances CoNLL Test Set

HBMA 28.36 7.20 1.70 23.38 4.22 1.56 1.06 0.858

Bert 4.48 13.18 15.48 19.29 11.2 2.80 1.40 0.857

1.2K Training Instances CoNLL Test Set

HBMA 28.15 4.92 1.66 23.40 4.28 1.57 1.06 0.856

Bert 7.42 13.16 20.03 23.67 9.9 2.99 1.40 0.846

5K Training Instances MultiNERD Test Set

CoNLL

↓

MultiNERD

HBMA 47.63 17.86 1.56 124.43 23.41 2.86 1.00 0.910

Bert 6.50 15.68 16.87 215.75 17.7 11.70 1.40 0.912

2.5K Training Instances MultiNERD Test Set

HBMA 40.02 9.15 1.48 125.46 23.26 2.82 1.00 0.901

Bert 6.90 15.41 16.81 216.74 18.9 11.74 1.40 0.903

1.2K Training Instances MultiNERD Test Set

HBMA 42.45 6.18 1.34 125.27 23.07 2.78 1.00 0.891

Bert 11.88 15.40 17.00 215.57 19.0 11.64 1.40 0.867

5K Training Instances MultiNERD Test Set

Ontonotes

↓

MultiNERD

HBMA 39.82 17.21 1.53 106.94 12.91 2.91 1.00 0.907

Bert 6.76 13.25 17.24 241.59 9.9 12.10 1.41 0.917

2.5K Training Instances MultiNERD Test Set

HBMA 48.41 9.04 1.42 107.3 12.91 2.90 1.00 0.895

Bert 10.5 12.94 14.21 238.29 16.8 12.28 1.41 0.899

1.2K Training Instances MultiNERD Test Set

HBMA 55.49 6.01 1.20 106.97 12.94 2.91 1.00 0.886

Bert 4.35 13.08 16.73 239.47 16.8 12.28 1.41 0.889

5K Training Instances CoNLL Test Set

Ontonotes

↓

CoNLL

HBMA 28.40 10.00 1.66 23.32 4.30 1.59 1.06 0.890

Bert 6.67 13.24 15.18 19.16 11.2 2.7 1.40 0.851

2.5K Training Instances CoNLL Test Set

HBMA 29.71 6.51 1.83 23.13 4.34 1.58 1.06 0.879

Bert 7.52 13.23 15.37 27.35 9.2 2.65 1.40 0.858

1.2K Training Instances CoNLL Test Set

HBMA 36.03 4.45 1.77 23.00 4.41 1.58 1.08 0.878

Bert 4.10 13.21 14.33 19.79 9.9 2.92 1.40 0.850

5K Training Instances Ontonotes Test Set

MultiNERD

↓

Ontonotes

HBMA 46.60 18.27 1.71 51.59 6.42 1.53 1.08 0.769

Bert 6.22 14.51 20.40 55.38 17.9 4.41 1.40 0.842

2.5K Training Instances Ontonotes Test Set

HBMA 51.51 10.49 1.62 51.51 6.30 1.52 1.08 0.759

Bert 6.53 15.30 17.65 55.67 17.8 4.43 1.40 0.827

1.2K Training Instances Ontonotes Test Set

HBMA 43.15 5.81 1.63 50.84 6.39 1.52 1.08 0.734

Bert 6.48 15.28 17.29 55.8 17.7 4.47 1.40 0.807

5K Training Instances Ontonotes Test Set

CoNLL

↓

Ontonotes

HBMA 64.09 18.61 1.71 55.03 4.41 1.61 1.09 0.831

Bert 4.39 13.22 19.86 61.64 9.8 4.80 1.41 0.827

2.5K Training Instances Ontonotes Test Set

HBMA 72.66 10.85 1.61 54.05 4.39 1.61 1.09 0.799

Bert 8.07 13.23 18.01 79.52 13.6 4.87 1.41 0.789

1.2K Training Instances Ontonotes Test Set

HBMA 88.97 6.55 1.54 55.33 4.19 1.41 1.09 0.775

Bert 4.03 12.55 14.12 87.30 10.6 4.88 1.41 0.723
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particularly when a limited amount of data is available in the target
domain. The proposed approach uses higher CPU resources (28-89%)
compared to BERT fine-tuning (4-13%), but requires consistently less
RAM during both training and inference. For what concerns GPU
Utilization, in the training phase, HBMA demonstrates substantially
lower GPU requirements compared to BERT fine-tuning and main-
tains lower GPU usage during the inference phase compared to the
fine-tuning approach. Regarding Inference Time, HBMA shows signif-
icantly faster inference for some dataset combinations. Additionally,
HBMA exploits a consistently smaller quantity of RAM compared
to BERT fine-tuning. BERT fine-tuning can achieve marginally supe-
rior performance in some dataset combinations (e.g. from MultiNERD
to Ontonotes) but at significantly higher resource consumption costs.
This suggests that HBMA may be particularly suitable for low-resource
languages, specialized domains, or applications where labeled data ac-
quisition is too expensive or challenging. The substantial differences in
resource utilization translate into significant implications for deploy-
ment costs, energy consumption, and environmental impact. HBMA’s
lower GPU and RAM requirements during both training and infer-
ence represent substantial advantages for resource-constrained envi-
ronments or large-scale deployments where efficiency is of paramount
importance.

RQ 5.1 - How can features obtained from a source domain be
leveraged to learn target domain labels and distributions effi-
ciently, achieving performance close to fine-tuned transformers
but with lower computational cost?

Adapting the knowledge of pre-trained language models not
only allows to achieve comparable performance with respect to
fine-tuned transformer architectures but at lower computational
costs.

In particular, if we assume a system that should be maintained op-
erational continuously, we can easily estimate the reduced energy con-
sumption of the proposed approach with respect to the state of the art.
For instance, considering the hardware infrastructure used in these
experiments, when processing MultiNERD (32k sentences), consider-
ing GPU, the energy consumption per second is approximately 0.097

kWh, while CPU contributes to an additional 0.018 kWh per second.
For MultiNERD, the reduced inference time (from 215s to 125s) saves
90s x 0.097 kWh for what concerns the GPU and 90s x 0.018kWh for
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what regards CPU, which roughly corresponds to ∼ 10.35 kWh on a
full inference cycle. Over extended periods, scaling to millions of sen-
tences per day, this reduction compounds into significant cost and car-
bon footprint reductions. In a real-world deployment scenario, where
inference is perfomed continuously (e.g. on news articles or social me-
dia content), HBMA not only reduces the computational overhead but
also significantly lowers energy consumption, potentially saving 40-
50% of the power with respect to the state-of-the-art BERT-NER.

5.5 ablation studies and feature analysis

To better understand the contribution of different feature types to the
overall performance of HBMA, we conducted extensive ablation stud-
ies examining the impact of individual feature components and their
combinations across all six transfer scenarios. The detailed results pre-
sented in Tables 6-23 provide comprehensive insights into feature ef-
fectiveness and classifier performance patterns. For every transfer sce-
nario showed in Table 5 and for every dimensionality of training data
(5000, 2500, 1200 instances), Tables show individual shallow classifiers
performances in terms of F1 score. BMA ensemble is composed of all
classifiers trained on the input subspace.

Table 7: Predictive performance from ConLL03 to Ontonotes5.0 with 5000

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.7311 0.7622 0.741 0.646 0.7634 0.7690

hidden 0.753 0.6701 0.7728 0.7459 0.8015 0.807

probs 0.447 0.5189 0.5276 0.411 0.5461 0.5506

att+hidden 0.7953 0.6658 0.7950 0.7713 0.8118 0.8261

att+probs 0.7122 0.7622 0.7351 0.5300 0.7531 0.7675

probs+hidden 0.64 0.5893 0.7574 0.789 0.8164 0.7761

att+probs+hidden 0.8073 0.6715 0.7957 0.7574 0.8035 0.8263

5.5.1 Individual Feature Performance Analysis

Our ablation studies reveal distinct patterns in the contribution of dif-
ferent feature representations: Across most transfer scenarios, atten-
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Table 8: Predictive performance from ConLL03 to Ontonotes5.0 with 2500

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.6904 0.6775 0.6886 0.6751 0.7494 0.7417

hidden 0.7295 0.7117 0.7342 0.7196 0.7859 0.7286

probs 0.4776 0.5180 0.5329 0.5299 0.5464 0.5319

att+hidden 0.7660 0.6974 0.7763 0.7419 0.7972 0.7540

att+probs 0.6745 0.7344 0.7258 0.6643 0.7432 0.7413

probs+hidden 0.7633 0.7171 0.7725 0.7521 0.7988 0.7194

att+probs+hidden 0.7761 0.6991 0.7834 0.7675 0.7959 0.7457

Table 9: Predictive performance from ConLL03 to Ontonotes5.0 with 1200

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.6984 0.7174 0.6984 0.5738 0.7318 0.7385

hidden 0.6775 0.7060 0.175 0.5190 0.7218 0.7218

probs 0.4971 0.5182 0.5292 0.1026 0.5457 0.5272

att+hidden 0.7094 0.696 0.6786 0.6061 0.7107 0.743

att+probs 0.639 0.7179 0.711 0.642 0.740 0.7087

probs+hidden 0.6775 0.7107 0.1777 0.6153 0.7091 0.7156

att+probs+hidden 0.6726 0.6947 0.7035 0.6624 0.6764 0.7411

tion scores emerge as the most contributive feature representation for
learning the objective function. This finding validates our hypothesis
that attention patterns capture crucial information about entity bound-
aries and contextual focus that generalizes well across domains. For
instance, in the MultiNERD → CoNLL transfer with 5000 training in-
stances, attention-only models achieve F1 scores of 0.8520 with BMA,
demonstrating robust performance.
Contextualized hidden states provide substantial but generally sec-
ondary contributions to the overall performance. The notable excep-
tion is the CoNLL → OntoNotes transfer scenario, where hidden states
show superior individual performance (F1 = 0.807 vs 0.769 for atten-
tion with 5000 instances). This suggests that the semantic richness
captured in hidden states is particularly valuable when expanding
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Table 10: Predictive performance from Ontonotes5.0 to ConLL03 with 5000

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8472 0.8652 0.8753 0.8693 0.8680 0.8792

hidden 0.7062 0.6053 0.2433 0.7790 0.8132 0.6954

probs 0.7699 0.7793 0.775 0.7002 0.7823 0.7776

att+hidden 0.8171 0.6195 0.7914 0.8031 0.7736 0.7746

att+probs 0.8529 0.8651 0.8536 0.8360 0.8755 0.8714

probs+hidden 0.7494 0.5607 0.2083 0.7314 0.7963 0.7054

att+probs+hidden 0.7990 0.6187 0.7632 0.7964 0.8229 0.7735

Table 11: Predictive performance from Ontonotes5.0 to ConLL03 with 2500

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8316 0.8525 0.8411 0.8337 0.8558 0.8659

hidden 0.7612 0.6571 0.2401 0.7276 0.8152 0.7244

probs 0.7496 0.7785 0.7742 0.5718 0.7819 0.7749

att+hidden 0.8195 0.6613 0.8088 0.8199 0.8351 0.7667

att+probs 0.8496 0.8532 0.8521 0.8279 0.8638 0.8650

probs+hidden 0.7977 0.5819 0.2249 0.6921 0.8194 0.7127

att+probs+hidden 0.8102 0.6625 0.8085 0.7662 0.8230 0.7721

from coarse-grained to fine-grained entity taxonomies. Source prob-
ability distributions consistently show the lowest individual contribu-
tion across all scenarios. This limitation stems from the inherent com-
plexity of distinguishing between tokens that may have similar prob-
ability distributions in the source domain but require different labels
in the target domain. For example, in CoNLL → OntoNotes scenarios,
probability-only models achieve F1 scores around 0.55, significantly
lower than other feature types.
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Table 12: Predictive performance from Ontonotes5.0 to ConLL03 with 1200

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8559 0.8558 0.8377 0.8531 0.8606 0.8649

hidden 0.7498 0.6725 0.2568 0.7259 0.7726 0.7286

probs 0.7663 0.7778 0.7773 0.6148 0.7838 0.7767

att+hidden 0.8238 0.8068 0.8115 0.8473 0.8563 0.8195

att+probs 0.8448 0.8555 0.8342 0.8389 0.8566 0.8629

probs+hidden 0.7819 0.7075 0.2680 0.7651 0.7824 0.7562

att+probs+hidden 0.8274 0.8068 0.8318 0.8018 0.8552 0.8163

Table 13: Predictive performance from Multinerd to ConLL03 with 1200 train-
ing instances. Scores represent f1-score of machine learning models
trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8255 0.8343 0.8119 0.8143 0.8386 0.8434

hidden 0.4840 0.4148 0.3914 0.3636 0.6285 0.5132

probs 0.7561 0.7432 0.7596 0.7424 0.7605 0.7678

att+hidden 0.6568 0.4706 0.5063 0.6729 0.7065 0.6919

att+probs 0.8300 0.8345 0.7807 0.8106 0.8343 0.8371

probs+hidden 0.4465 0.4089 0.4643 0.4905 0.5820 0.5549

att+probs+hidden 0.7420 0.4737 0.6828 0.7310 0.7856 0.7194

5.5.2 Feature Combination

The ablation results reveal important insights about feature combina-
tion strategies. The combination of attention scores and source prob-
ability distributions consistently achieves more robust performance
compared to other feature combinations. In the OntoNotes → CoNLL
scenario with 5000 instances, this combination reaches F1 = 0.8714

with BMA, outperforming most other configurations while maintain-
ing computational efficiency. Contrary to initial expectations, concate-
nating all three feature types does not always yield the best perfor-
mance. The full feature combination (att+probs+hidden) often shows
performance drops compared to the attention+probabilities combina-
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Table 14: Predictive performance from Multinerd to ConLL03 with 2500 train-
ing instances. Scores represent f1-score of machine learning models
trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8066 0.8259 0.8306 0.7830 0.8428 0.8406

hidden 0.4621 0.2020 0.4932 0.5553 0.4287 0.5681

probs 0.7305 0.7509 0.7729 0.6086 0.7581 0.7704

att+hidden 0.5716 0.3443 0.5965 0.6624 0.5727 0.6437

att+probs 0.8132 0.8255 0.8192 0.8093 0.8469 0.8434

probs+hidden 0.4845 0.1999 0.4305 0.5307 0.4641 0.5538

att+probs+hidden 0.6804 0.3454 0.6558 0.6956 0.7269 0.5586

Table 15: Predictive performance from Multinerd to ConLL03 with 5000 train-
ing instances. Scores represent f1-score of machine learning models
trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8355 0.8429 0.8353 0.8032 0.8384 0.8520

hidden 0.5814 0.4059 0.5391 0.5512 0.4663 0.6355

probs 0.7278 0.7482 0.7702 0.6663 0.7739 0.7714

att+hidden 0.6614 0.211 0.6485 0.6882 0.6831 0.6923

att+probs 0.8228 0.8423 0.8409 0.8151 0.8414 0.8560

probs+hidden 0.6206 0.3499 0.6002 0.5471 0.5200 0.6427

att+probs+hidden 0.6894 0.1976 0.6294 0.6687 0.5625 0.6699

tion, while significantly increasing computational overhead due to the
higher dimensionality of the resulting vectors.

5.5.3 Machine Learning Classifier Analysis

MLPs consistently achieve the best individual performance across most
feature spaces and transfer scenarios. In attention-based models, MLPs
often reach F1 scores 2-5 points higher than other classifiers, demon-
strating their ability to capture complex non-linear relationships in the
feature space. SVMs show consistent performance across different sce-
narios, making them reliable ensemble components. They particularly
excel with attention-based features, often achieving competitive perfor-
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Table 16: Predictive performance from ConLL03 to Multinerd with 5000 train-
ing instances. Scores represent f1-score of machine learning models
trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8941 0.9025 0.9040 0.8693 0.9020 0.9032

hidden 0.7668 0.8605 0.1943 0.8378 0.8504 0.7789

probs 0.8637 0.8739 0.8499 0.8432 0.8638 0.8641

att+hidden 0.8353 0.8739 0.8712 0.8169 0.8742 0.8806

att+probs 0.8931 0.9024 0.8959 0.8777 0.9063 0.9088

probs+hidden 0.8314 0.8812 0.1806 0.8291 0.8618 0.7817

att+probs+hidden 0.8423 0.8739 0.8244 0.8277 0.8695 0.8850

Table 17: Predictive performance from ConLL03 to Multinerd with 2500 train-
ing instances. Scores represent f1-score of machine learning models
trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8855 0.8940 0.8929 0.8846 0.8954 0.8987

hidden 0.8084 0.8708 0.1805 0.8077 0.8273 0.8738

probs 0.8353 0.859 0.8550 0.8408 0.8609 0.8646

att+hidden 0.8754 0.8671 0.8707 0.8479 0.8453 0.8783

att+probs 0.8908 0.8944 0.8870 0.8724 0.8992 0.9005

probs+hidden 0.8362 0.8723 0.1711 0.7689 0.8510 0.8731

att+probs+hidden 0.8896 0.8878 0.8286 0.8392 0.8795 0.8725

mance with MLPs while maintaining computational efficiency. SGD
classifiers show high variability in performance, sometimes achiev-
ing excellent results (particularly with hidden state features) but also
showing dramatic performance drops in certain configurations, mak-
ing them less reliable for consistent deployment.

5.5.4 Ensemble Integration

While Bayesian Model Averaging, composed of models trained on
same features, generally improves performance by combining multiple
classifiers, it does not universally outperform the best individual com-
ponents. In some cases, high-confidence prediction errors from weaker
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Table 18: Predictive performance from ConLL03 to Multinerd with 1200 train-
ing instances. Scores represent f1-score of machine learning models
trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8765 0.8899 0.8636 0.8701 0.8882 0.8915

hidden 0.8035 0.8708 0.1809 0.7995 0.7887 0.8660

probs 0.8536 0.8547 0.8537 0.8156 0.8548 0.8578

att+hidden 0.7587 0.8390 0.8275 0.8176 0.8461 0.8762

att+probs 0.8635 0.8899 0.8864 0.8870 0.8929 0.8932

probs+hidden 0.7587 0.8716 0.8275 0.8176 0.8461 0.8642

att+probs+hidden 0.8775 0.8420 0.8354 0.8081 0.8607 0.8759

Table 19: Predictive performance from Ontonotes5.0 to Multinerd with 5000

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8934 0.8976 0.8956 0.8602 0.9038 0.9009

hidden 0.6483 0.5329 0.5001 0.6235 0.7382 0.7547

probs 0.7484 0.7827 0.7698 0.7648 0.7839 0.7849

att+hidden 0.7953 0.4987 0.8008 0.8063 0.7463 0.8197

att+probs 0.8847 0.8974 0.8999 0.8616 0.8994 0.8197

probs+hidden 0.6250 0.5401 0.4535 0.6286 0.7503 0.7684

att+probs+hidden 0.7797 0.4693 0.7942 0.7818 0.7567 0.8052

classifiers can bias the ensemble toward incorrect decisions. The diver-
sity among classifier types provides valuable complementarity. MLPs
excel at capturing complex patterns, SVMs provide stable decision
boundaries, and other classifiers contribute specialized strengths that
enhance overall robustness.

RQ 5.2 - Which representations matter most to deal with the
problem of transfer learning for NER?

Attention scores emerge as the most contributive feature repre-
sentation for learning the objective function, and its combina-
tion with source probability distributions leads to more robust
scenario.
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Table 20: Predictive performance from Ontonotes5.0 to Multinerd with 2500

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8709 0.8880 0.8736 0.8589 0.8914 0.8861

hidden 0.6789 0.6009 0.5843 0.6479 0.7022 0.6246

probs 0.7556 0.7812 0.7716 0.7142 0.7829 0.7819

att+hidden 0.8329 0.4001 0.8091 0.7626 0.8107 0.4584

att+probs 0.8789 0.8879 0.8773 0.8830 0.8853 0.8859

probs+hidden 0.6636 0.5920 0.5752 0.6366 0.6556 0.6151

att+probs+hidden 0.8186 0.4194 0.8068 0.7896 0.8250 0.4787

Table 21: Predictive performance from Ontonotes5.0 to Multinerd with 1200

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.8643 0.8794 0.8644 0.8488 0.8825 0.8777

hidden 0.6338 0.3941 0.4387 0.5902 0.7035 0.4701

probs 0.7280 0.7831 0.7696 0.5590 0.7838 0.7831

att+hidden 0.8254 0.7465 0.7839 0.8027 0.8024 0.7593

att+probs 0.8406 0.8791 0.8646 0.8713 0.8814 0.8778

probs+hidden 0.6061 0.4093 0.4288 0.5548 0.6662 0.4815

att+probs+hidden 0.8124 0.7523 0.7622 0.8048 0.8340 0.7652

5.6 discussion and conclusions

While HBMA demonstrates significant advantages, several limitations
should be acknowledged:
In some transfer scenarios (particularly MultiNERD - OntoNotes), BERT
fine-tuning achieves superior F1 scores, indicating room for improve-
ment in the feature extraction or ensemble methodology. The approach
requires careful extraction and combination of multiple feature types,
adding complexity compared to end-to-end fine-tuning approaches.
Several promising directions for future work emerge from this research:

• Investigating the optimal transformer layers for feature extrac-
tion across different transfer scenarios could improve performance.
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Table 22: Predictive performance from Multinerd to Ontonotes5.0 with 5000

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.6625 0.7432 0.7271 0.6469 0.7591 0.7619

hidden 0.4319 0.3050 0.4749 0.3996 0.4663 0.5299

probs 0.4302 0.4981 0.5008 0.4074 0.5314 0.5079

att+hidden 0.4775 0.1834 0.4675 0.5140 0.6178 0.5982

att+probs 0.6538 0.7435 0.7228 0.6713 0.7538 0.7465

probs+hidden 0.3271 0.3103 0.4590 0.4132 0.5550 0.5427

att+probs+hidden 0.5320 0.1619 0.4869 0.5846 0.6446 0.6372

Table 23: Predictive performance from Multinerd to Ontonotes5.0 with 2500

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.6974 0.7168 0.7122 0.6816 0.7324 0.7452

hidden 0.4602 0.2595 0.4656 0.4547 0.4781 0.5234

probs 0.4539 0.4978 0.5061 0.4650 0.5269 0.5097

att+hidden 0.5281 0.3199 0.5131 0.5993 0.5948 0.6253

att+probs 0.6840 0.7175 0.7042 0.6561 0.7186 0.7433

probs+hidden 0.4062 0.2568 0.4549 0.4309 0.4270 0.5859

att+probs+hidden 0.5511 0.3315 0.4886 0.6151 0.6423 0.6345

• Developing methods to automatically select the most relevant
feature combinations for specific domain pairs.

• Analyzing and leveraging specialized attention heads that focus
on entity-relevant patterns.

This chapter presented a transfer learning approach for Named En-
tity Recognition that enables the accurate learning of target domain
labels from source domain features. The proposed method demon-
strates competitive performance compared to fine-tuned transformer-
based models while requiring significantly lower computational re-
sources. HBMA guarantees 55-60% faster inference times compared
to Bert fine-tuning, making it particularly suitable for real-time ap-
plications. Additionally, HBMA reduces GPU memory requirements
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Table 24: Predictive performance from Multinerd to Ontonotes5.0 with 1200

training instances. Scores represent f1-score of machine learning
models trained on specific vector representation.

Model pa svm sgd per mlp BMA

attention 0.6069 0.6907 0.6779 0.6314 0.7313 0.7228

hidden 0.4192 0.1896 0.4579 0.4086 0.4833 0.5220

probs 0.1036 0.4964 0.4985 0.1060 0.5273 0.5053

att+hidden 0.5574 0.3905 0.5301 0.5701 0.6030 0.6281

att+probs 0.6817 0.6927 0.7007 0.6432 0.7271 0.7250

probs+hidden 0.3854 0.1851 0.5106 0.3975 0.4323 0.535

att+probs+hidden 0.4875 0.4045 0.5315 0.5252 0.6218 0.6249

by approximately 91% during both training and inference compared
to Bert fine-tuning, enabling deployment in resource-constrained en-
vironments. These findings show that reusing the knowledge of pre-
trained language models not only allows to achieve comparable per-
formance with respect to fine-tuned transformer architectures but at
lower computational costs.
A more fine-grained analysis reveals that the accuracy–efficiency trade-
off becomes domain-dependent. In high-stakes settings such as clinical
Named Entity Recognition, where errors in identifying medical condi-
tions, medications, or procedures may propagate to downstream clin-
ical decision-support systems, maximizing accuracy is often the pri-
mary concern. In such scenarios, full transformer fine-tuning—despite
its higher computational cost—can be justified by its superior ability to
adapt representations to domain-specific terminology and contextual
nuances. A similar consideration applies to legal document analysis,
where precise entity recognition is essential for tasks such as contract
interpretation or compliance monitoring, and even minor extraction
errors can have significant practical implications.
Conversely, in domains characterized by high data volume and lower
per-instance risk, such as information extraction from social media
streams, news monitoring, or large-scale document processing pipelines,
computational efficiency becomes a dominant factor. In these settings,
the ability to process large amounts of text with low latency and lim-
ited hardware resources often outweighs marginal gains in accuracy.
Here, HBMA provides a more favorable trade-off by enabling fast in-
ference and reduced memory consumption while maintaining com-
petitive performance. These observations suggest that while accuracy-
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oriented approaches are preferable in safety-critical or precision-sensitive
domains, resource-efficient methods such as HBMA are particularly
well suited for scalable, real-time, or resource-constrained informa-
tion extraction scenarios. Chapter 5 concluded by presenting a cross-
domain transfer learning technique for Named Entity Recognition
(NER). While NER focuses on identifying and classifying individual
entities within text, these entities often co-occur and are linked through
meaningful semantic relationships. The Relation Extraction (RE) task
seeks to uncover such relationships, playing a key role in transform-
ing unstructured text into structured, queryable knowledge represen-
tations that support advanced natural language understanding appli-
cations. Next Chapter extends our investigation of resource-efficient
NLP methods to the domain of Relation Extraction across various En-
glish and Italian benchmarks.
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6
K N O W L E D G E - A U G M E N T E D R E L AT I O N
E X T R A C T I O N W I T H L A R G E L A N G U A G E M O D E L S

Relation extraction (RE) is a fundamental task in natural language pro-
cessing that aims to identify and classify relationships between subject
and object entities mentioned in text [3]. Formally, given an input sen-
tence s = {w1,w2, . . . ,h, . . . , t, . . . ,wn} containing n tokens, where h
and t represent head and tail entities respectively, RE systems pre-
dict a relation label ri ∈ R from a predefined set of relationships (e.g.,
founded_by, born_in, and Work_For). This capability underlies many
critical NLP applications, including knowledge graph completion and
question answering systems [160].
Recent research in Relation Extraction (RE) has increasingly explored
the use of large open-domain knowledge bases such as Wikipedia,
Wikidata, and DBpedia to enrich textual representations and mitigate
data sparsity. These resources provide structured relational informa-
tion that can be aligned with text to support more accurate modeling
of entity and relation semantics [161, 162]. Early approaches relied
on distant supervision, automatically generating labeled data by align-
ing entity pairs in sentences with triples extracted from Wikipedia or
Freebase [163]. Subsequent work extended this paradigm to exploit
the rich graph structure of resources like Wikidata and DBpedia, in-
tegrating their embeddings or graph relations directly into neural RE
architectures [164–166]. More recent frameworks combine contextual
language models with structured information from these knowledge
bases, enabling joint reasoning over textual and factual signals for
more robust relation prediction [167, 168]. However, these external
knowledge sources frequently introduce drawbacks: noise, incomplete
or missing information, or irrelevant facts given the context, which can
degrade performance in specialized or domain-specific settings. Such
challenges have spurred increasing interest in treating Large Language
Models (LLMs) as more flexible, contextual, and reliable sources of
knowledge for Relation Extraction. This chapter proposes a pipeline
based on exploiting the reasoning capabilities of Large Language Mod-
els (LLMs). The central hypothesis underlying our approach is that ex-
tending each sample of a given dataset using knowledge extracted by
querying an LLM with specific clarification prompts helps the models
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trained on these samples, along with clarifications, to understand the
task better. Several models are trained on two famous English Relation
Extraction benchmark CoNLL04 [169] and SemEval 2010 task 8 dataset
[170]. Furthermore, we investigate the cross-lingual effectiveness of the
approach on an Italian dataset, CoNLL04 Italian, which we translated
from the original CoNLL04 dataset. The experimental results demon-
strate that incorporating LLM-generated background knowledge im-
proves RE performance, particularly in low-resource settings. Our anal-
ysis reveals interesting patterns in how different types of knowledge
contribute to model performance, providing insights to inform broader
strategies for leveraging LLMs in structured prediction tasks.
Finally, we explore a Knowledge Distillation technique, based on Kull-
back–Leibler divergence, that transfer the knowledge from models trained
on enriched data to lightweight models operating solely on raw text.
The experiments cover Italian and English datasets used in the pre-
vious step, and results show how the generalization capabilities of
a model trained on raw sentences can be improved by distilling the
knowledge from those models trained on samples along with extracted
context from an LLM.

research questions

RQ 6.1 - Which complementary knowledge component can be ob-
tained by Large Language Models to augment training data for Re-
lation Extraction?

RQ 6.2 - What is the effect of knowledge distillation when consider-
ing only model that takes as input only the raw sentence?

6.1 problem definition

Our approach is built on the premise that Large Language Models
(LLMs) offer significant advantages over traditional external knowl-
edge bases like Wikidata for Relation Extraction tasks. This advan-
tage stems from their superior ability to interpret sentence semantics
and contextual nuances. Unlike structured knowledge bases, which
provide static, predefined relations between entities in a rigid format,
LLMs possess deep contextual understanding that enables them to:
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Figure 7: Differences between extracting sentence related knowledge from a
static resource like Wikipedia or Wikidata (on the left) and from an
LLM to get additional information (on the right) given the example
sentence.

• Resolve ambiguities: They can disambiguate entities and rela-
tions based on contextual clues

• Interpret complex linguistic phenomena: They handle metaphors,
negations, conditional statements, and other linguistic constructs
that traditional knowledge bases cannot process

LLMs excel at understanding how the same entity pair can express
different relations depending on syntactic structure, discourse context,
and pragmatic implications. For instance, they can distinguish between
"CEO of Apple" and "former CEO of Apple" or interpret temporal
and causal relationships that emerge from sentence composition rather
than explicit statement.
Furthermore, LLMs can handle novel entity combinations and emerg-
ing relationships that may not yet exist in manually curated databases.
Their training on vast text corpora allows them to recognize subtle
linguistic cues and contextual modifiers that determine relation va-
lidity and type. This semantic depth proves particularly valuable for
Relation Extraction in domains with complex, evolving terminology
or when dealing with informal text where relationships are expressed
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through natural language patterns rather than formal declarations.
Let R be the set of all possible relation types, given a sentence s =
{w1,w2, . . . ,wn} consisting of n tokens, and a set of entities
E = {e1,e2, . . . ,ek} where each entity ei is defined by its span
(starti,endi) and type yi ∈ YT , the Relation Extraction task aims to
identify and classify semantic relationships ri ∈ R between h = ei
(head entity) and t = ej (tail entity) within the context of sentence s.
In this work, the problem is formulated as a conditional text genera-
tion task, where we learn the probability distribution:

p(r∣s) =
len(r)
∏
i=1

p(ri∣r<i, s) (9)

where s represents the input space and r is the target representation
for relation labels.

6.2 datasets

This section describes the datasets employed in our approach, encom-
passing both general domain and news domain.

6.2.1 CoNLL04 Dataset

The CoNLL04 dataset [125] serves as a benchmark dataset for Relation
Extraction tasks. It contains 1,441 sentences, each containing at least
one relation, Table 25 show dataset’s statistics. The sentences are an-
notated with comprehensive information about entities and their cor-
responding relation types [171]. The dataset comprises news articles
from The Wall Street Journal and the Associated Press, encompass-
ing annotations for both entity and relation types, making it versa-
tile for various NLP tasks. The dataset includes relations among enti-
ties like people, organizations, locations, and other miscellaneous en-
tities. The relation types are five: Live_In, Located_In, OrgBased_In,
Kill, Work_for, covering the most fundamental types of relationships
that occur in news text. Relations included span various semantic cat-
egories: Person-Location, Organization-Person, Person-Person, among
others.

The distribution of relation types shows a relatively balanced dataset,
though with some variation in frequency. The Live_In relation is the
most frequent, followed by OrgBased_In and Work_for, while Kill rep-
resents the least frequent relation type as shown in Table 26.
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Table 25: CoNLL04 benchmark statistics. Every sample is a sentence.

sentences entities relations

train 922 3377 1283

validation 231 893 343

test 288 1079 422

total 1441 5349 2048

Table 26: CoNLL04 benchmark relation types statistics

relation type train validation test

Live_In 330 91 100

Located_In 247 65 94

OrgBased_In 271 76 105

Kill 179 42 47

Work_for 256 65 76

6.2.2 SemEval 2010 Task 8 Dataset

SemEval is a series of international natural language processing (NLP)
research workshops whose mission is to advance the current state of
the art in semantic analysis and to help create high-quality annotated
datasets in a range of increasingly challenging problems in natural
language semantics. The SemEval 2010 Task 8 dataset [170] contain
around 1,200 sentences manually collected for each relation through
pattern-based Web search. This dataset contains 10,717 sentences with
annotated semantic relations, making it a comprehensive benchmark
for Relation Extraction systems. The dataset includes 9 distinct relation
types plus an “Other” category for relation pairs that do not fit into
the predefined categories.

The relation types include:

• Cause-Effect,

• Component-Whole,

• Content-Container,

• Entity-Destination,

• Entity-Origin,
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• Instrument-Agency,

• Member-Collection,

• Message-Topic,

• Product-Producer.

Each relation type is directional, meaning that the dataset distinguishes
between the direction of the relationship (e.g., Cause-Effect(e1,e2) vs.
Cause-Effect(e2,e1)), resulting in 18 directed relation types plus the
“Other” category.

Table 27: SemEval 2010 Task 8 dataset statistics

sentences relations

train 8000 8000

test 2717 2717

total 10717 10717

The dataset includes complex sentences where entities may be em-
bedded within larger noun phrases, requiring sophisticated entity recog-
nition and Relation Extraction capabilities. Based on the SemEval 2010

Table 28: SemEval 2010 Task 8 relation types statistics

Labels Training Set Test Set

Cause Effect 1003 328

Component Whole 941 312

Content Container 540 192

Entity Destination 845 292

Entity Origin 716 258

Instrument Agency 504 156

Member Collection 690 233

Message Topic 634 261

Product Producer 717 231

Other 1410 454

Total 8000 2717

Task 8 dataset statistics shown in Table 28, several key observations
can be made regarding the label distribution:
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Class Imbalance Patterns: The dataset exhibits notable class imbal-
ance, with the “Other” category being the most prevalent. This large
“Other” category represents relations that don’t fall into the nine de-
fined semantic relation types.
Semantic Relation Distribution: Among the nine target relation types,
“Cause-Effect” is the most frequent, followed by “Component-Whole”
and “Entity-Destination”. The least represented relations are “Instrument-
Agency” and “Message-Topic”, indicating potential challenges for mod-
els in learning these underrepresented categories.
The imbalanced distribution, particularly the large “Other” category
and varying frequencies of semantic relations, presents both opportu-
nities and challenges. This distribution pattern is typical of real-world
Relation Extraction tasks, where certain semantic relationships natu-
rally occur more frequently than others in text corpora.

6.3 background knowledge construction approach

This section presents a comprehensive and reliable knowledge con-
struction approach that systematically enriches training data with mul-
tiple forms of auxiliary information. In particular, this approach lever-
ages GPT-4.1 to generate high-quality explanatory content that pro-
vides models with explicit reasoning traces and contextual understand-
ing necessary for sophisticated Relation Extraction. Our knowledge
construction process employs a targeted approach that generates two
primary types of auxiliary information: Entity Outlook and Sentence
Outlook. Each component represent a different linguistic perspective
that contextualises the single sample using the knowledge of LLM.
Given a sentence si ∈D, where D = {s1, s2, . . . , sn} represents a corpus
of input sentences, the enriched input space is represented by:

Xenriched = ⟨si,Ki⟩ (10)

where si represents the original sentence and Ki contains the ex-
tracted knowledge components for sentence si.

The knowledge K is composed of two complementary perspectives:

Ki = qi ⊕ ci (11)

where qi represents the Entity Outlook extracted from sentence si,
ci represents the Sentence Outlook for si, and ⊕ denotes concatenation
of the knowledge components.
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Figure 8: Overview of the proposed approach. Starting from the input sen-
tence, the method augments the input with knowledge extracted
from GPT4.1. Subsequently, a supervised fine-tuning with the LoRA
strategy is performed, where LLMs learn to generate the target with
a specific notation.

6.3.1 Entity Outlook

Entity Outlook generation focuses on providing detailed descriptions
of entities mentioned in the text, incorporating their significance, char-
acteristics, and potential roles in relationships. This component em-
ploys a few-shot learning approach, leveraging carefully curated exam-
ples to maintain consistency across different sentence contexts while
adapting to domain-specific terminology.

The entity extraction and explanation process utilizes structured
prompts that guide GPT-4.1 to identify and describe entities accord-
ing to established taxonomies. For the CoNLL04 dataset, the process
recognizes four primary entity types:

• Peop (people),

• Loc (locations),

• Org (organizations),

• and Other (dates, times, measurements).

For SemEval 2010 Task 8, the process focuses on nominal entities that
participate in semantic relations. The few-shot prompting strategy in-
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corporates domain-specific examples that demonstrate the desired ex-
planation format:

Example of Entity Outlook query prompt

Given a sentence, identify all entities giving a brief description.
Entity Types:

• Peop: Individual people, names, pronouns referring to
people

• Loc: Cities, countries, geographical places, addresses,
buildings

• Org: Companies, institutions, government bodies, groups,
political parties

• Other: Dates, times, numbers, measurements, and other
miscellaneous entities

Here are examples of how to identify entities in sentences:
Example 1:
Sentence: "If it does not snow, and a lot, within this month we
will have no water to submerge 150, 000 hectares ( 370, 500 acres
) of rice..."

• Entities: Bruno Pusterla (Peop) A senior official at the Ital-
ian Agricultural Confederation.

• Italian Agricultural Confederation (Org) An Italian agri-
cultural trade association representing farmers.

Example 2:
...
Now, please identify the entities in the following sentence, fol-
lowing the same pattern:
Sentence: "Elsewhere, a downed power line was blamed for a
brush fire..."
Entities:

This approach ensures that the generated Entity Outlook maintain
consistency in format and depth while adapting to the specific charac-
teristics of each sentence and domain.
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6.3.2 Sentence Outlook

Sentence Outlook is a contextualization that provides comprehensive
background information necessary for understanding the sentence within
its broader semantic and temporal context. This component takes in
input the original sentence along with Entity Outlook and employs a
zero-shot approach utilizing GPT-4.1’s inherent knowledge to generate
contextual explanations without requiring specific examples.
The contextualization process addresses implicit information, histori-
cal context, and situational factors that influence entity relationships
but may not be explicitly stated in the text. The prompting strategy
instructs GPT-4.1 to focus on providing concise but informative ex-
planations that enhance understanding without introducing irrelevant
information.

Example of Sentence Outlook query prompt

Task: Sentence contextualisation.
Instructions:

• Contextualise the sentence

• Focus on identified entities

• Keep the contextualisation concise but informative

Entities:

• Orange County (Loc) A county location where the fire oc-
curred

• Fire Department (Org) The county’s fire department orga-
nization

• ...

Sentence: "’Elsewhere , a downed power line was blamed for a
brush fire that charred 200 acres in Orange County’, said county
Fire Department Capt. Hugh Madlock ."

This targeted approach ensures that the contextual information di-
rectly supports Relation Extraction tasks while maintaining relevance
to the specific domain and sentence content.
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6.3.3 Example: Knowledge Construction Output

To illustrate the effectiveness of our approach, consider the following
example from the CoNLL04 training data:

Original Sentence: ‘Elsewhere , a downed power line was blamed
for a brush fire that charred 200 acres in Orange County , said county
Fire Department Capt. Hugh Madlock .”

Example of Entity Outlook answer for ConLL04

Entities:

• Orange County (Loc) A county location where the fire oc-
curred

• Fire Department (Org) The county’s fire department orga-
nization

• Capt. Hugh Madlock (Peop) A fire department captain
who provided the statement

• 200 acres (Other) The area of land affected by the brush
fire

Example of Sentence Outlook answer

Contextualization:
In this sentence, "Orange County" refers to a populous region in
Southern California known for its suburban communities and
susceptibility to wildfires, especially during dry seasons. The
"Fire Department" is the local government agency responsible
for fire prevention and emergency response in the county. "Capt.
Hugh Madlock" is identified as a captain within this depart-
ment, likely serving as a spokesperson or incident commander.
The mention of "200 acres" highlights the significant scale of the
brush fire ...

This example demonstrates how the knowledge construction ap-
proach provides comprehensive auxiliary information that enables mod-
els to understand not only the surface-level textual patterns but also
the deeper contextual and relational information necessary for accu-
rate Relation Extraction.
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6.3.4 Target Representation

A crucial component of our methodology is the definition of an ef-
fective target representation for the generative model. Each relation in-
stance is expressed as a triplet consisting of a head entity, a relation type,
and a tail entity. For example, consider the Italian sentence:

“Hideo Kojima has purchased a new house in Tokyo.”

Following the CoNLL04 annotation scheme, the corresponding seman-
tic relation can be encoded as:

[[Hideo Kojima, Live_In, Tokyo]]

In this representation, the triplet is organized in the format
[head, relations, tail].
We adopt a compact serialization of relation triplets that minimizes the
number of tokens in the output sequence, thereby enabling more effi-
cient decoding. This notation naturally extends to multiple relations,
for example:

[[head1, rel_type1, tail1], [head2, rel_type2, tail2], . . . ]

We employ this unified format consistently across both the CoNLL04

and SemEval 2010 Task 8 datasets.

6.4 training

Our approach employs Parameter-Efficient Fine-Tuning (PEFT) tech-
niques, specifically LoRA (Low-Rank Adaptation), to train FLAN-T5

XL models on the enriched data. This methodology balances compu-
tational efficiency with model performance, enabling effective training
on the comprehensive knowledge-enriched datasets while maintain-
ing practical resource requirements. The PEFT implementation utilizes
LoRA with carefully optimized hyperparameters tailored to the FLAN-
T5 XL architecture. For the XL model size, we employ a rank (r) of 8,
alpha value of 16, and dropout rate of 0.1. This configuration provides
an optimal balance between parameter efficiency and representational
capacity, allowing the model to adapt to the Relation Extraction task
while preserving the pre-trained language understanding capabilities.
The LoRA configuration enables training with significantly reduced
memory requirements compared to full fine-tuning, making it feasible
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to work with the XL model variant (3B parameters) on standard GPU
hardware.
Our experimental framework evaluates three distinct training modal-
ities that vary in the amount and type of auxiliary information pro-
vided during training:

enriched modality (enriched): Incorporates the complete aux-
iliary information package, combining the instruction prompt, Entity
Outlook , Sentence Outlook, and the original sentence. This represents
the maximum information condition where models have access to all
available reasoning traces and contextual knowledge.

prefix prompt + sentence modality (prefix+sentence): Uti-
lizes the base Relation Extraction prompt combined with the original
sentence, without additional knowledge. This serves as an intermedi-
ate condition that provides task-specific guidance while omitting the
detailed auxiliary knowledge.

raw sentence modality (raw_sentence): Presents only the orig-
inal sentence without any additional prompts or auxiliary information.
This represents the minimal information condition that most closely re-
sembles real-world deployment scenarios.
The base prompt template employed across relevant modalities follows
the structure, the list of relation types changes across the different do-
mains:

Base Prompt

“List all the relations from the following sentence. Relation types:
[OrgBased_In, Work_For, Located_In, Live_In, Kill]. Entity types
involved: [Peop, Loc, Org].”

6.5 results

Table 29 and 30 presents the comprehensive comparison of standard
training approaches on the CoNLL04 and SemEval Task 8 2010 datasets.
We compare our approach with two generative state-fo-the-art meth-
ods: REBEL [137] and Wadhwa et al. [146].

The FLAN-T5 XL model trained on enriched data achieves 80.81%
macro F1 and 79.7% micro F1, representing significant improvements
over baseline approaches. The performance hierarchy clearly shows
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Table 29: Results on CoNLL04 Relation Extraction Dataset

Model Configuration F1 Micro F1 Macro

Baseline Models

REBEL - 75.4

Wadhwa et al. GPT3 + Flan T5 large - 80.7

Wadhwa et al. GPT4.1 + Flan T5 XL 75.73 77.15

Our Approach

Flan-t5 XL enriched 79.7 80.81

Flan-t5 XL prefix + sentence 77.38 78.46

Flan-t5 XL raw sentence 76.38 77.67

the impact of auxiliary information: the enriched modality outper-
forms the prefix + sentence modality, which in turn exceeds the raw
sentence modality. This progression validates the importance of com-
prehensive auxiliary knowledge in developing sophisticated Relation
Extraction capabilities.

Particularly noteworthy is the model’s ability to maintain strong per-
formance even in the prefix + sentence condition, suggesting that the
combination of task-specific prompting and the model’s enhanced rea-
soning capabilities can partially compensate for the absence of detailed
auxiliary knowledge. However, the consistent performance gains from
the enriched modality underscore the value of comprehensive knowl-
edge augmentation.

Table 30: Results on SemEval 2010 Task 8 Relation Extraction Dataset

Model Configuration F1 Micro F1 Macro

Baseline Models

REBEL 75.00 69.14

Wadhwa et al. GPT4.1 + Flan T5 XL 84.80 85.77

Our Approach

Flan-t5 XL enriched 87.15 88.3

Flan-t5 XL prefix + sentence 84.6 85.23

Flan-t5 XL raw sentence 83.71 84.23

The results on the SemEval 2010 Task 8 dataset further validate our
approach and demonstrate its generalization capabilities across differ-
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ent Relation Extraction benchmarks with more relation types (from 4

to 19) and adding directionality. Our FLAN-T5 XL enriched model
achieves the highest performance, outperforming state-of-the-art re-
sults and the other two training modalities. This substantial improve-
ment demonstrates the effectiveness of incorporating auxiliary knowl-
edge during fine-tuning, even when compared to systems leveraging
Large Language Models for knowledge generation. The performance
pattern observed on SemEval 2010 Task 8 mirrors that of CoNLL04,
with a consistent hierarchy across information modalities. The enriched
modality maintains a significant advantage over the prefix + sentence
configuration. Similarly, the prefix + sentence approach outperforms
the raw sentence baseline. Notably, the absolute performance gains on
SemEval 2010 Task 8 are more pronounced than on CoNLL04, with all
configurations achieving higher F1 scores. This suggests that the Se-
mEval dataset may be more amenable to our approach, possibly due
to its different and more complex relation taxonomy, sentence struc-
ture characteristics, or the nature of entity-relation patterns present in
the corpus.

6.5.1 Knowledge component analysis

To understand the individual contributions of the knowledge compo-
nents in our enriched input representation we conduct a systematic
knowledge component analysis. This analysis examines the relative
importance of Sentence Outlook and Entity Outlook components in
our simplified knowledge augmentation framework. The analysis sys-
tematically removes each knowledge component individually while
maintaining all other aspects of the experimental setup. We use Flan-
T5-XL as our test model due to its strong performance on both datasets,
and we maintain consistent training procedures, hyperparameters, and
evaluation metrics across all configurations. Each experiment excludes
one specific knowledge type while maintaining the base sentence, al-
lowing us to isolate the contribution of individual components:

• Baseline (Full Enriched): Complete input with both knowledge
components: 〈s,c + q〉

• Without Entity Outlook: 〈s,c〉

• Without Sentence Outlook: 〈s,q〉
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Table 31: Knowledge component analysis results showing the impact of re-
moving individual knowledge outlook components from the en-
riched input. Each configuration excludes one specific knowledge
type while maintaining the base sentence. ConLL04

Model Configuration F1 Micro F1 Macro

Flan-t5 XL enriched 79.7 80.81

Flan-t5 XL without Entity Outlook 77.88 79.01

Flan-t5 XL

without Sentence Outlook
79.41 80.58

Table 32: Knowledge component analysis results showing the impact of re-
moving individual knowledge outlook components from the en-
riched input. Each configuration excludes one specific knowledge
type from the base sentence. SemEval 2010 task 8

Model Configuration F1 Micro F1 Macro

Flan-t5 XL enriched 87.15 88.3

Flan-t5 XL w/o Entity Outlook 86.14 87.16

Flan-t5 XL

w/o Sentence Outlook
85.9 86.85

Tables 31 and 32 present the performance impact of removing each
knowledge component individually across the ConLL04 and SemEval
2010 Task 8 datasets respectively.

results on conll04 : The results on ConLL04 reveal interesting
patterns in component contribution. The baseline enriched model achieves
80.81% macro F1, serving as our reference point. Removing the En-
tity Outlook component causes a moderate performance degradation,
with macro F1 dropping by 1.80 percentage points. This indicates that
explicit entity semantics contribute meaningful signal for Relation Ex-
traction, helping the model understand entity types, roles, and char-
acteristics that inform relationship identification. Surprisingly, exclud-
ing the Sentence Outlook component results in minimal impact, with
only a 0.23 percentage point decrease. This result suggests that for
the ConLL04 dataset, the combination of base sentence and entity de-
scriptions may already capture sufficient contextual information for
effective Relation Extraction.
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results on semeval 2010 task 8 : The SemEval dataset presents
a different pattern of component importance. The baseline enriched
model achieves 87.15% macro F1 on this dataset. Removing the En-
tity Outlook component results in a 1.01 percentage point decrease,
demonstrating that entity semantics provide valuable but not critical
information for this dataset’s relation types. More notably, excluding
the Sentence Outlook component leads to a 1.25 percentage point re-
duction, showing slightly greater impact than entity descriptions. This
suggests that for SemEval’s more semantically complex relations, con-
textual understanding plays a more significant role.

cross-dataset analysis : The analysis of knowledge components
highlights clear dataset-dependent contribution patterns. In CoNLL04,
the Entity Outlook component yields the largest improvement com-
pared to Sentence Outlook, whereas in SemEval 2010, the hierarchy is
reversed, with Sentence Outlook slightly outperforming Entity Outlook.
These contrasting tendencies reveal that dataset characteristics play a
crucial role in determining which knowledge aspect is most beneficial.
CoNLL04 primarily deals with concrete, type-dependent relations
such as WORK_FOR or LOCATED_IN, where explicit information about
entity categories (e.g., Person–Organization pairs) directly constrains
the relation space. In such settings, entity descriptions offer decisive
cues, while sentence-level context often contributes redundantly. Con-
versely, SemEval 2010 focuses on more abstract and semantically com-
plex relations, including Cause–Effect and Component–Whole, where con-
textual understanding becomes essential to disambiguate relational
meaning, and entity types alone provide weaker predictive signals.
Despite these variations, both components show complementary be-
havior: each provides measurable gains, and their combined use yields
consistently positive results across datasets. The modest performance
gaps suggest that neither component dominates entirely, reinforcing
their mutual relevance.
Overall, the findings indicate that Sentence Outlook and Entity Out-
look contribute synergistically to Relation Extraction, though their rel-
ative importance shifts with the semantic nature of the dataset.

6.5.2 Relation-Type Performance Analysis

To gain deeper insights into our model’s capabilities, we analyze per-
formance at the relation-type level for both datasets using our best-
performing model.
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Table 33: Label-wise performance of Flan-t5 XL enriched on SemEval 2010

Task 8 dataset

Relation Type Precision Recall F1

Message-Topic 87.02 95.02 90.84

Product-Producer 87.45 93.51 90.38

Instrument-Agency 87.82 87.82 87.82

Entity-Destination 93.79 93.15 93.47

Cause-Effect 88.27 91.77 89.99

Component-Whole 86.19 91.99 88.99

Member-Collection 84.92 91.85 88.25

Other 79.94 63.22 70.60

Entity-Origin 89.72 87.98 88.85

Content-Container 89.05 93.23 91.09

Table 34: Label-wise performance of Flan-t5 XL enriched on CoNLL04 dataset

Relation Type Precision Recall F1

Live_In 87.84 66.33 75.58

OrgBased_In 84.15 69.70 76.24

Located_In 91.89 74.73 82.42

Work_For 78.67 77.63 78.15

Kill 89.80 93.62 91.67

The results reveal several interesting patterns across both datasets.
For SemEval 2010 Task 8 (Table 33), the Entity-Destination relation
achieves the highest F1 score, Content-Container and Cause-Effect rela-
tions show robust performance, likely due to their well-defined seman-
tic patterns and abundant contextual cues. The Other category presents
the most significant challenge, achieving only 70.60% F1 with notably
low recall. This performance gap is expected given the heterogeneous
nature of this miscellaneous category, which encompasses diverse re-
lation types that do not fit into the predefined classes. For CoNLL04

(Table 34), the Kill relation achieves the highest F1 score. This excep-
tional performance, with high recall and precision, suggests that vio-
lent events are expressed through distinctive lexical and syntactic pat-
terns that are readily identifiable even with limited training examples.
The semantic clarity and explicit nature of kill relations provide strong
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contextual indicators.
In contrast, the Live_In relation shows the lowest performance, with a
significant gap between precision and recall. This pattern indicates that
residential relationships are often expressed implicitly or through di-
verse linguistic constructions, making them harder to detect. Similarly,
OrgBased_In demonstrates comparable challenges, as organizational lo-
cation relationships may require world knowledge and can be stated
in various indirect ways.

6.6 error analysis

To gain deeper insights into the limitations and failure modes of our
Relation Extraction system, we conduct a comprehensive error analy-
sis on both test sets. This analysis reveals three primary error patterns
that account for the majority of failures and inform future research di-
rections. In particular best models trained on enriched input and their
predictions are analyzed in the following section with few examples
from both datasets.
Models most prevalent error type is entity type confusion, leading to
systematic misclassification of relations. This pattern accounts for the
majority of errors and demonstrates how cascading failures in entity
recognition propagate through the Relation Extraction pipeline.

example from conll04 : Consider the sentence: "An enraged Nikita
Khrushchev instructed Soviet ships to ignore President Kennedy’s naval block-
ade during the Cuban missile crisis, but the order was reversed just hours
before an inevitable confrontation, according to a new book."
The model incorrectly predicted a Work_For relation between Nikita
Khrushchev and Soviet (treated as Organization), while the gold stan-
dard annotation specifies a Live_In relation between Nikita Khrushchev
and Soviet (treated as Location). This error reveals a fundamental en-
tity typing issue where "Soviet" functions as a metonym for both geo-
graphic and political entities.
The second major failure mode involves under-detection of relations,
where the models fails to recognize valid semantic relationships be-
tween entities, particularly in cases requiring careful disambiguation
of entity roles.

example from semeval2010 : For the sentence: "Skype, a free soft-
ware, allows a hookup of multiple computer users to join in an online confer-
ence call without incurring any telephone costs."
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The model predicted Other (no relation), while the gold standard
specifies a Member-Collection relation between "users" and "hookup."
This error demonstrates the model’s failure to recognize the collective
relationship where individual users form part of a larger group con-
nection or assembly (the "hookup"). The term "hookup" in this context
refers to a group connection or collection of linked participants, with
"users" being the members of this collection. This suggests difficulty
in semantic role disambiguation when entities can be interpreted in
multiple ways.
The third significant error category involves over-generation of seman-
tically plausible but annotation-guideline-incompatible relations. These
cases reveal both the model’s sophisticated semantic inference capabil-
ities and the challenges of aligning model predictions with annotation
schema constraints.

example from (conll04): In the sentence: "Judith C. Toth says
she returned for a fourth term in Maryland’s House of Delegates because she
couldn’t find a better job."
The model predicted a Work_For relation between Judith C. Toth and
House of Delegates, while the gold standard only annotates the Org-
Based_In relation between House of Delegates and Maryland. The model
reasonably infers employment from the phrase "returned for a fourth
term" and the legislative context, demonstrating sophisticated seman-
tic understanding. However, the annotation guidelines focus on orga-
nizational location rather than individual membership relations.

6.7 knowledge distillation

Relation extraction (RE) systems have traditionally relied on auxil-
iary information during both training and inference phases, creating
deployment challenges in resource-constrained environments where
such information may be unavailable. Our Relation Extraction approach
builds upon knowledge derived from a Large Language Model. How-
ever, in resource-constrained environments, such external knowledge
may not be accessible, requiring models to operate solely on raw sen-
tences. As confirmed by our experimental results, the absence of en-
riched knowledge leads to a measurable decline in generalization and
overall extraction performance. In the following sections we explore a
distillation technique based on Kullback-Leibler divergence that tries
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to preserve reasoning capabilities while eliminating dependencies on
auxiliary information during inference. The primary motivation for
this work stems from the observation that models trained with en-
riched inputs, incorporating entities, contextual knowledge, and rea-
soning traces, develop sophisticated internal representations that ex-
tend beyond surface-level pattern matching. Knowledge distillation of-
fers a promising solution by transferring the enhanced reasoning capa-
bilities learned from enriched training data to student models that can
operate efficiently on simplified inputs.
Given a teacher model TθT

trained on enriched input space Xenriched =

⟨s,K⟩ where s represents the sentence, and K contains extracted knowl-
edge components, and a student model SθS

operating on raw input
space Xraw = ⟨s⟩, the objective of reasoning distillation is to transfer
the reasoning capabilities from TθT

to SθS
while maintaining perfor-

mance on the target task.
The distillation process aims to minimize the divergence between the
teacher’s and student’s output distributions:

LKD = LKL(TθT
(⟨s,K⟩),SθS

(s)) (12)

LKL denotes the Kullback-Leibler divergence between teacher and
student probability output distributions. The distillation training em-
ploys a custom loss function that combines knowledge distillation with
standard cross-entropy. By combining the Kullback–Leibler divergence
with the conventional cross-entropy loss, it encourages the student
model to approximate the teacher’s output distribution while retain-
ing supervision from the original gold annotations. This formulation
ensures a balanced transfer of knowledge, promoting a coherent align-
ment between the teacher’s knowledge and the student’s learning pro-
cess.

Ltotal = α ⋅ LKD + (1−α) ⋅ LCE (13)

Here, LCE represent the cross-entropy loss while α is a parameter that
controls the balance between task loss and the knowledge distillation
process.

6.7.1 Experimental Configurations for Knowledge Distillation

Our knowledge distillation experiments focus on two primary transfer
scenarios that represent different levels of auxiliary information reduc-
tion:
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enriched → prefix + sentence transfer : The teacher model
trained on fully enriched data (including Entity Outlook and Sentence
Outlook) transfers knowledge to a student model that operates with
only the task prompt and original sentence. This scenario represents
a moderate reduction in auxiliary information while maintaining task-
specific guidance.

enriched → raw sentence transfer : The teacher model trans-
fers knowledge to a student model operating on completely raw sen-
tences without any additional prompts or context. This represents the
most challenging transfer scenario, requiring the student to internalize
all task-specific knowledge and reasoning patterns from the teacher’s
soft predictions.
Both scenarios employ α values of 0.5 and temperature values of 2.0,
providing balanced knowledge transfer that emphasizes both teacher
guidance and ground truth supervision. The temperature setting en-
ables the student to learn from the teacher’s uncertainty patterns, cap-
turing nuanced confidence distributions that reflect the complexity of
Relation Extraction decisions.

6.8 knowledge distillation results

This section presents the results of our knowledge distillation experi-
ments, which evaluate whether models trained with reduced auxiliary
information can achieve performance comparable to teacher models
trained with enriched inputs. Table 35 and 36 present the comprehen-
sive results across both scenarios on the CoNLL04 and SemEval 2010

Task 8 datasets, comparing distilled models against non-distilled base-
lines trained directly on the same inputs. Bold denotes that the dis-
tilled model outperforms the baseline. The overall trend across both
benchmarks confirms the consistent advantage of the proposed distil-
lation framework.
On the CoNLL04 dataset, which features a limited number of relations,
the distilled models demonstrate notable gains under both input con-
ditions—particularly when auxiliary knowledge is reduced. These im-
provements suggest that the distilled student effectively inherits the
teacher’s capacity to capture implicit relational dependencies, even
when explicit contextual signals are absent. The results indicate that
the distillation process successfully transfers high-level reasoning pat-
terns into more compact representations, mitigating the loss of infor-
mation introduced by simpler input formulations.
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Table 35: Knowledge Distillation Results on CoNLL04 Relation Extraction
Dataset

Model Configuration F1 Micro F1 Macro

Knowledge Distillation Results

Flan-t5 XL prefix + sentence (distilled) 79.2 80.31

Flan-t5 XL raw sentence (distilled) 77.69 78.82

Comparison with Non-Distilled Baselines

Flan-t5 XL prefix + sentence (baseline) 77.38 78.46

Flan-t5 XL raw sentence (baseline) 76.38 77.67

The SemEval-2010 Task 8 dataset, characterized by a broader and more
semantically diverse set of relations, provides a complementary evalu-
ation scenario. Here too, distilled models consistently outperform the
corresponding baselines, confirming that the proposed framework gen-
eralizes effectively across different relational taxonomies. However, in
this dataset, the remaining performance gap between the distilled mod-
els and the teacher indicates that there is still room for improvement
in the knowledge transfer process.
The results demonstrate that knowledge distillation substantially en-
hances the performance of models trained solely on raw sentences.
The distilled variants effectively inherit contextual and reasoning ca-
pabilities from the teacher model, enabling them to compensate for
the absence of explicit auxiliary knowledge. This outcome confirms
that distilled models can internalize transferable representations that
improve their generalization capacity, maintaining robust performance
despite the absence of knowledge-augmented input.

Table 36: Knowledge Distillation Results on SemEval 2010 task 8 Relation Ex-
traction Dataset

Model Configuration F1 Micro F1 Macro

Knowledge Distillation Results

Flan-t5 XL prefix + sentence (distilled) 85.8 86.8

Flan-t5 XL raw sentence (distilled) 84.86 85.47

Comparison with Non-Distilled Baselines

Flan-t5 XL prefix + sentence 84.6 85.23

Flan-t5 XL raw sentence 83.71 84.23
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6.9 adapting the approach for italian relation extrac-
tion

While the foundational methodology presented in the previous sec-
tions demonstrates strong performance on English Relation Extraction
benchmarks, the application of this approach to Italian requires careful
consideration of linguistic and practical factors that necessitate specific
adaptations. Italian exhibits morphological richness, syntactic flexibil-
ity, and semantic complexity that distinguish it from English in ways
that directly impact Relation Extraction performance. The core prin-
ciples of our knowledge augmentation framework—leveraging LLM
reasoning to enrich training data with explicit semantic information—
remain consistent across both English and Italian implementations.
However, three key modifications were introduced to optimize per-
formance for Italian Relation Extraction, each motivated by specific
linguistic or practical considerations.
For the Italian experiments, we replace GPT-4.1 with Phi-4 [172], a
14-billion parameter open-source model, as our knowledge extraction
engine. This decision is driven by both practical and performance con-
siderations. Phi-4 demonstrates exceptional multilingual reasoning ca-
pabilities despite its relatively compact size, with particular strength in
handling morphologically rich languages. Moreover, the open-source
nature of Phi-4 provides greater transparency and reproducibility for
research conducted on lower-resource languages, where community
access to knowledge extraction tools is crucial for advancing the field.
Italian’s greater linguistic complexity necessitates an enhanced knowl-
edge architecture. The language features extensive verbal conjugation
and nominal inflection creating multiple surface forms for expressing
similar relationships, relatively free word order allowing entities and
their relations to appear in varied configurations, and rich vocabulary
with idiomatic expressions providing multiple ways to encode rela-
tional information. To address these complexities, Given a sentence
si ∈ D, where D = {s1, s2, . . . , sn} represents an Italian corpus of input
sentences, we augment our knowledge framework with two additional
component: a set E of Named Entity predictions from three differ-
ent state-of-the-art Italian and multilingual models and the Relations
Outlook (vi), which provides explicit guidance about potential rela-
tionships between entities. This three-component architecture proved
essential for achieving competitive performance on Italian Relation Ex-
traction, as the knowledge component analysis in Section 6.15 demon-
strates, underscoring the importance of explicit relational reasoning
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for handling Italian’s linguistic complexity. Rather than applying the
English methodology directly, we develop a linguistically-informed
variant that maintains the core principles of knowledge augmentation
while optimizing for Italian’s morphological richness, syntactic flexi-
bility, and semantic complexity.

6.10 dataset construction and translation

methodology

The foundation of our experimental work rests on a carefully con-
structed Italian version of the CoNLL04 dataset. This section details
our sophisticated translation methodology and the resulting dataset
characteristics.

6.10.1 Translation Methodology

The original CoNLL04 dataset statistics and description have been
shown in section 6.2.1. The translation of the CoNLL04 dataset to Ital-
ian required addressing several critical challenges that go beyond sim-
ple text translation. The primary challenge lies in preserving the pre-
cise token-level annotations required for named entity recognition and
Relation Extraction tasks while adapting the content to Italian morpho-
logical, syntactic, and semantic structures. This work employs a sophis-
ticated hybrid approach for translating the ConLL04 English Relation
Extraction dataset to Italian while preserving the crucial token-level
annotations required for named entity recognition and Relation Extrac-
tion tasks. The translation process operates in three main phases: first,
the complete English sentence is translated to Italian using X-ALMA
[173], built upon ALMA-R by expanding support from 6 to 50 lan-
guages. It utilizes a plug-and-play architecture with language-specific
modules, complemented by a carefully designed training recipe. In
particular, a 8-bit quantized version due to resource limit constraints
is used from the offical repository on Huggingface at
https://huggingface.co/mradermacher/X-ALMA-13B-Group2-GGUF. The trans-
lator model generates fluent Italian text but disrupts the original token
alignments. Second, to address the critical challenge of maintaining
entity boundaries and types across languages—where direct token-
to-token mapping fails due to morphological differences, word order
changes, and varying translation lengths, the system employs Ope-
nAI’s GPT-4o-mini model [174] to perform intelligent entity alignment
by analyzing both the original English tokens and their Italian coun-
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terparts, then identifying which specific Italian tokens correspond to
each English entity based on semantic understanding rather than posi-
tional heuristics. Finally, the system reconstructs the annotated dataset
by mapping the spans of the identified Italian entity back to token
indices. This step has the main goal to preserve entity types and re-
lation labels while handling edge cases through fallback mechanisms
that include proportional mapping and fuzzy string matching when
exact alignment fails. This ensures that the resulting Italian dataset
maintains the structural integrity necessary for training and evaluat-
ing Relation Extraction models. The comprehensive error handling and
multi-stage validation process addresses the inherent complexities of
cross-lingual annotation transfer in structured NLP datasets. In each
split of the dataset, some translated sentences are removed due to the
impossibility of maintaining relation labels. This case is represented
by a few sentences that are not well translated, in which one or more
entities that were in the relationship label are missing. This compre-
hensive approach ensures that the resulting Italian dataset maintains
the structural integrity necessary for training and evaluating Relation
Extraction models. The system addresses the inherent complexities of
cross-lingual annotation transfer in structured NLP datasets through
sophisticated error handling and validation processes. The final step is
the assessment of the quality of automatic translation. A manual check
is performed in order to find and remove possible translation errors.
In each split of the dataset, some translated sentences are removed due
to the impossibility of maintaining relation labels. This case is repre-
sented by a few sentences that are not well translated, in which one
or more entities that were in the relationship label are missing. From
the original dataset, we excluded 20 training sentences, 7 validation
sentences, and 7 test sentences.

Table 37: Italian CoNLL04 version splits statistics

samples entities relations

train 902 3284 1253

validation 224 848 325

test 281 1048 413

total 1407 5180 1991

The translation process resulted in the Italian version of the CoNLL04

dataset, Table 37 and Table 38 show statistics and distribution of the
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Table 38: Relation types distribution across the Italian CoNLL04 dataset splits

relation type train validation test

Vive_A 322 88 95

Situato_In 243 64 94

OrgLocata_In 256 64 103

Ha_ucciso 178 40 46

Lavora_per 254 69 75

new dataset. In the translation process, entity types and relation types
distribution are maintained 26, 38.

The Italian relation types were carefully chosen to maintain semantic
equivalence with the original English labels:

• Live_In → Vive_A (Lives in)

• Located_In → Situato_In (Located in)

• OrgBased_In → OrgLocata_In (Organization located in)

• Kill → Ha_ucciso (Has killed)

• Work_for → Lavora_per (Works for)

6.11 methodology

This section presents our comprehensive methodology for enhancing
Italian Relation Extraction through LLM-based knowledge augmenta-
tion. Due to the differences in terms of morphological, syntactic, and
semantic structures between the two languages, this work adapt the ap-
proach used in English domains for Italian language keeping the core
idea behind. As pre-announced in the previous sections the knowledge
framework is extended to take in account the linguistic shift.
For a given a sentence si ∈ D, where D = {s1, s2, . . . , sn} represents a
corpus of Italian input sentences, we extend the input with two com-
ponents:

Xenriched = ⟨si,Ei,Ki⟩ (14)

where si represents the original sentence, Ei represent the set of enti-
ties predictions and Ki contains the extracted knowledge components
for sentence si. The knowledge K is composed of three complementary
perspectives rather than two:
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Figure 9: Overview of the proposed approach. Starting from the input sen-
tence, the method augments the input with NER predictions and
knowledge extracted from Phi-4. The enriched input is now com-
posed by the original sentence, a set of Entity predictions, and the
knowledge K, which is furthermore augmented with relation expla-
nation outlook compared to the English approach.

Ki = qi ⊕ ci ⊕ vi (15)

where qi represents the entity outlook extracted from sentence si,
ci represents the sentence outlook for si, vi represent the additional
component, the relation outlook and ⊕ denotes concatenation of the
knowledge components.

6.11.1 Named Entity Recognition Integration

The first step in our pipeline involves extending the input space using
state-of-the-art Named Entity Recognition (NER) models specifically
designed for Italian.
NER is formulated as a sequence labeling task where each token in the
input sequence is assigned a label that indicates its role in entity identi-
fication and classification. Given an input sentence s = {w1,w2, . . . ,wn}

consisting of n tokens, the NER task aims to produce a corresponding
label sequence E = {e1,e2, . . . ,en} where each label ei ∈ YT encodes
both the entity type and the token’s position within the entity span.
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For each input sentence in our dataset, we construct a comprehen-
sive set of NER predictions E comprising annotations from three state-
of-the-art multilingual and Italian-specific named entity recognition
models:

1. SpanMarker Multilingual Model
(span-marker-multilingual-cased-multinerd) [175]: A SpanMarker
model fine-tuned on the MultiNERD dataset, providing robust
multilingual entity recognition capabilities with particular strength
in handling complex entity boundaries.

2. BERT Italian NER (bert-italian-cased-ner) [176]: A cased BERT
model specifically trained for Italian NER on the WikiNER Ital-
ian dataset plus manually annotated Wikipedia paragraphs. This
model is capable of recognizing four entity classes: Person, Lo-
cation, Organization, and Miscellaneous.

3. Universal NER Italian (DeepMount00/universal_ner_ita): An
Italian adaptation of GLiNER [177] (Generalist Model for Named
Entity Recognition using Bidirectional Transformer). This model
leverages natural language descriptions to identify arbitrary en-
tity types, providing flexibility in entity type recognition.

The GLiNER model uses the following entity types in Italian: "persona",
"città", "nazione", "organizzazione", "data", "luogo", "evento", "prodotto"
(corresponding to "person", "city", "nation", "organization", "date", "lo-
cation", "event", "product" in English). Each model processes the to-
kenized Italian sentences independently, with predictions aligned to
the original token boundaries. The resulting prediction set E provides
diverse perspectives on entity recognition, creating a rich foundation
for the subsequent knowledge extraction phase.

6.11.2 Knowledge Extraction

Given the extended input (s,E), the aim of this crucial step is to fur-
ther extend the input by extracting knowledge K from an LLM. The
knowledge K is composed of three different perspectives that are con-
catenated together to form a comprehensive semantic interpretation
of a single dataset sample. For a given sentence si ∈ D, where D rep-
resents the entire corpus of the dataset, the knowledge is defined as:

Ki = qi ⊕ ci ⊕ vi (16)
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where qi represents the Entities Outlook, ci represents the Sen-
tence Outlook, and vi represents the Relations Outlook. The ⊕ op-
erator denotes concatenation of the different knowledge components.
Each component addresses a specific aspect of semantic understand-
ing:

entities outlook (qi ): This component focuses on providing de-
tailed explanations of the main entities mentioned in the sentence. We
prompt the LLM with:

"Spiega brevemente il significato dei soggetti principali menzionati per com-
prendere la frase: {s}"

(English: "Briefly explain the meaning of the main subjects mentioned in
order to understand the sentence: {s}")

This outlook helps the model understand the nature, characteristics,
and significance of the entities involved in potential relations. For ex-
ample, if the sentence mentions "Apple" and "Steve Jobs," this compo-
nent would provide context about Apple being a technology company
and Steve Jobs being its co-founder and former CEO.

sentence outlook (ci ): This component provides broader con-
textual understanding of the entire sentence. We use the prompt:

"Spiegami molto brevemente la frase con il contesto necessario: {s}"
(English: "Explain the sentence to me very briefly, providing the necessary

context: {s}")
This outlook captures the overall semantic content of the sentence,

including implicit information, temporal context, and situational fac-
tors that might influence entity relationships. It helps the model un-
derstand the scenario in which the entities are mentioned.

relations outlook (vi ): This component explicitly focuses on
potential relationships between entities. We prompt:

"Basandoti sul testo e sulle predizioni di entità: Spiega brevemente le re-
lazioni tra le entità menzionate nel testo. Testo: {s} Predizioni NER: {E}"

(English: "Based on the text and entity predictions: Briefly explain the
relationships between the entities mentioned in the text. Text: {s} NER predic-
tions: {E}")

This outlook provides explicit guidance about potential relationships,
helping the model understand how entities interact within the given
context.



6.11 methodology 107

Example of knowledge augmented sample of Italian CoNLL04

Sentence: "Per il cantante e chitarrista Bob Boyd, di 57 anni,
il Rancho è diventato la sua dimora quando ha lasciato Chat-
tanooga, nel Tennessee, trentacinque anni fa."
Entities: (Bob Boyd, Persona) (Rancho, Luogo) (Chattanooga,
Luogo), (57, Numero)
Entity Outlook Bob Boyd: È l’individuo centrale menzionato. Si
identifica come cantante e chitarrista. L’età di 57 anni suggerisce
che la narrazione si svolge attualmente, considerando anche gli
eventi passati. Rancho: È un luogo significativo per Bob Boyd.
La frase implica che il Rancho sia ora la sua casa principale
o residenza. Chattanooga, nel Tennessee: Questa città è impor-
tante perché rappresenta il precedente luogo di residenza di Bob
Boyd prima di trasferirsi al Rancho.
Sentence outlook: La frase riguarda Bob Boyd, un cantante e
chitarrista di 57 anni. Trentacinque anni fa, Bob Boyd ha lasciato
Chattanooga, una città nello stato del Tennessee negli Stati Uniti.
Dopo essersi trasferito da lì, ha stabilito la sua residenza a un
luogo chiamato "il Rancho".
Relation outlook: Bob Boyd è il centro del racconto. È un indi-
viduo che ha compiuto un cambiamento significativo nella sua
residenza. - Ha lasciato Chattanooga, Tennessee, 35 anni fa, indi-
cando una precedente residenza e un cambio di vita geografica.
- Dopo aver lasciato Chattanooga, Bob Boyd si è stabilito al Ran-
cho, che ora considera la sua dimora. Le relazioni mostrano una
progressione di vita per Bob Boyd: dalla sua residenza originaria
in Tennessee fino alla scelta di stabilirsi al Rancho, rivelando le
tappe principali della sua storia abitativa e professionale
Target Representation: Bob Boyd -> Rancho (Vive_A) ; Bob
Boyd -> Chattanooga (Vive_A) ; Rancho -> Chattanooga (Situ-
ata_A)

For knowledge extraction, we employ Phi-4 [172], a 14-billion pa-
rameter state-of-the-art open model. Phi-4 was selected due to its high
quality and advanced multilingual reasoning capabilities, despite its
relatively compact size compared to larger models like GPT-4. This
choice balances performance with computational efficiency while en-
suring high-quality knowledge generation in Italian. The knowledge
extraction process creates an enriched input space ⟨s,E,k⟩ for each
sentence, this enriched representation provides the foundation for train-



108 knowledge-augmented relation extraction with large language models

ing Relation Extraction models with enhanced semantic understand-
ing.
Our approach treats Relation Extraction as a conditional text genera-
tion task, employing parameter-efficient fine-tuning strategies to adapt
Italian Large Language Models to the Relation Extraction domain. We
employ Low-Rank Adaptation (LoRA) [41] within the PEFT frame-
work [178] for supervised fine-tuning (SFT) of several Italian LLMs.

6.11.3 Target Representation

The target representation for Italian Relation Extraction adopts a more
compact linearization scheme compared to the English approach. This
simplified notation reduces the number of special tokens in the gen-
eration stream, allowing models to focus representational capacity on
linguistic content rather than structural markers, avoids potential con-
flicts with Italian punctuation conventions while maintaining clarity
across various entity surface forms, and reduces the complexity of
the generation task, which is particularly beneficial when working
with morphologically rich languages where entity boundaries may be
less clearly defined. Inspired by REBEL’s triplet linearization approach
[179], we design a compact notation that minimizes the number of to-
kens in the generation stream to enable efficient decoding. A relation
triplet is represented using the following notation:

Head Entity->Tail Entity (Relation type) (17)

For multiple relations within a single sentence, we separate them
using the semicolon character ";". We fine-tune several Italian LLMs
using the LoRA strategy to learn to generate the target representation.
Additionally, we fine-tune mREBEL32 [139], a multilingual version of
REBEL [179], and Wadhwa et al. [146] as a baselines comparison. All
models are trained for 10 epochs, best performing model on the vali-
dation set is saved.
Hardware: NVIDIA GeForce RTX 3090 with 24GB memory and AMD
Ryzen 9 5900X 12-Core Processor.

6.12 italian training configuration

This section details our comprehensive experimental setup, including
the various input configurations, model selection criteria, and evalu-
ation strategies employed to assess the effectiveness of our approach.
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We evaluate multiple Italian Large Language Models under different
input configurations to assess the effectiveness of our generative Rela-
tion Extraction framework. We conduct experiments using three con-
figurations:

• Enriched Input: Complete input including sentence, entity pre-
dictions, and background knowledge:

⟨s,E,K⟩

• Raw Input: : Input containing only the source sentence:

⟨s⟩

• The Enriched-Raw configuration: Model fine-tuned on enriched
input but evaluated using only raw sentence input at inference
time

Our experimental evaluation encompasses several Italian Large Lan-
guage Models, each representing different architectural approaches
and training methodologies.

Example of prompt with knowledge augmented sample of Ital-
ian CoNLL04

Estrai le relazioni tra le entità dalla seguente frase:
Frase:<s>
Relazioni possibili:
[Vive_a, OrgLocata_In, Situato_In, Ha_ucciso, Lavora_per]
Possibili entità: <E>
Contesto: <k>
Identifica tutte le relazioni usando il formato:
Entità1 - > Entità2 (Relazione)

llamantino-3-anita (8b): A fine-tuned version of Meta’s LLaMA-
3 (8B) [180, 181], adapted through Supervised Fine-Tuning (SFT) and
Direct Preference Optimization (DPO) to align with user preferences
and reduce biases.

minerva-7b : Created by Sapienza NLP in collaboration with FAIR,
CINECA, and Italy’s National Recovery and Resilience Plan (PNRR)
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[182]. This model is trained from scratch on 2.5 trillion tokens (50%
Italian) and further enhanced through instruction tuning and safety
layers, representing a ground-up approach to Italian language model-
ing.

velvet-14b : Developed by Almawave [183], this model is part of
a family of multilingual LLMs that includes Italian and is built on a
proprietary architecture. It represents an industry-grade solution for
Italian NLP tasks.

mrebel32 : A multilingual version of REBEL [139, 179], included
as a baseline representing the previous state-of-the-art in generative
Relation Extraction. This model provides a point of comparison with
established sequence-to-sequence approaches.

wadhwa et al . : To compare our approach with state of the art
[146], we fine-tune Flan-T5 XL to generate relation explanations along
with the target relation labels.

6.13 results on italian conll04

This section presents a comprehensive analysis of our experimental re-
sults, demonstrating the effectiveness of our LLM-enhanced Relation
Extraction approach across different models and input configurations.
Table 39 presents the performance comparison across different Italian
language models and input configurations. The results reveal several
important patterns that validate our approach and provide insights
into the effectiveness of knowledge augmentation for Relation Extrac-
tion.

LLaMAntino-3 demonstrates superior performance when trained
and evaluated on enriched input, achieving 70.6% macro F1 score. This
represents a significant improvement over Wadhwa et al. approach and
both Minerva-7B (59.6%) and Velvet-14B (60.2%), despite LLaMAntino-
3 being a smaller 8B parameter model compared with the last two mod-
els. The results indicate that model architecture and training method-
ology are more critical factors than pure parameter count for this task.
The strong performance of mREBEL demonstrates that sequence-to-
sequence models, which were previously state-of-the-art for this task,
can achieve comparable results to Large Language Models (LLMs). Ad-
ditionally, mREBEL and Wadhwa et al. benefits from enriched input.
However, Velvet-14B exhibits the opposite behavior, performing better
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Table 39: Performance comparison of supervised fine-tuned Italian LLMs on
Italian CoNLL 04. Input configurations: (enriched) includes entity
predictions and background knowledge; (raw) uses only sentence
text; (enriched-raw) represents models trained on enriched data but
evaluated with raw input only.

Model Configuration F1 Micro F1 Macro

mREBEL (enriched) 62.7 63.9

mREBEL (raw) 58.1 59.6

mREBEL (enriched-raw) 49.7 49.12

Wadhwa et al. Phi4 + Flan-t5 XL (enriched) 56.3 58.4

Wadhwa et al. Phi4 + Flan-t5 XL (raw) 55.3 55.5

Wadhwa et al. Phi4 + Flan-t5 XL (enriched-raw) 12.9 13.75

Minerva-7B (enriched) 57.2 59.6

Minerva-7B (raw) 55.6 57.9

Minerva-7B (enriched-raw) 48.9 51.0

Velvet-14B (enriched) 56.9 60.2

Velvet-14B (raw) 63.0 65.2

Velvet-14B (enriched-raw) 42.6 46.4

LLaMAntino-3 (enriched) 68.5 70.6

LLaMAntino-3 (raw) 58.4 62.1

LLaMAntino-3 (enriched-raw) 61.1 64.9

with raw input (65.2%) than with enriched input (60.2%). This suggests
the model may be overfitting to the auxiliary information provided in
the enriched input. Comparing LLaMAntino-3 configurations reveals
the substantial benefit of enriched input during training. The model
trained on enriched data (70.6% macro F1) significantly outperforms
the same model trained solely on raw sentences (62.1% macro F1). This
demonstrates the value of incorporating entity predictions and back-
ground knowledge in the training process. The enriched-raw config-
uration yields particularly interesting results, achieving 64.9% macro
F1 despite using only raw sentence input at inference time. This per-
formance exceeds that of the model trained exclusively on raw input
(62.1% macro F1), suggesting an interesting implicit knowledge distil-
lation during training. The model appears to internalize reasoning pat-
terns from the enriched training data, enabling improved performance
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even when auxiliary information is unavailable at inference time.

6.13.1 Relation-Type Performance Analysis

To gain deeper insights into our model’s capabilities, we analyze per-
formance at the relation-type level using our best-performing model,
LLaMAntino-3 with enriched input.

Table 40: Label-wise performance of best model: LLaMAntino-3-8B (en-
riched)

Relation Type Precision Recall F1

Vive_a 69.9 61.05 65.17

OrgLocata_In 71.95 63.44 67.42

Situato_In 60.63 60.63 60.63

Lavora_Per 62.5 80.0 70.17

Ha_ucciso 86.0 93.4 89.58

Table 40 reveals several interesting patterns in relation-type Ha_ucciso
(Kill), which achieves the highest F1 score of 89.58% despite being the
least represented relation type in the training set. This result is par-
ticularly noteworthy because it demonstrates the model’s ability to
learn effectively from limited examples when provided with appropri-
ate knowledge augmentation. However, Kill relations have distinctive
semantic patterns that are easily recognizable; sentences containing
kill relations often provide clear contextual indicators, the background
knowledge may be particularly helpful for this relation type. The Situ-
ato_In (Located in) relation shows the lowest performance at 60.63% F1,
with perfect balance between precision and recall. Many geographic
relationships are implicit and require world knowledge and can be ex-
pressed in various indirect ways. These results validate our approach
of treating Relation Extraction as a conditional text generation task
and demonstrate the effectiveness of supervised fine-tuning on Italian
language models for this domain. Error and Knowledge component
analysis, presented in next sections are performed on the best model
LLaMAntino-3.
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6.14 error analysis

To gain deeper insights into the limitations and failure modes of our
approach, we conduct a comprehensive error analysis using the best-
performing model, LLaMAntino-3 with enriched input. This analysis
reveals systematic patterns that inform future research directions and
potential improvements. The model demonstrates a tendency toward
over-generation, particularly struggling with complex sentences con-
taining multiple entities where it produces semantically plausible but
factually incorrect relations. This represents the most common error
type in our analysis.

over generation example : Consider the sentence: "Nikita Chruščëv,
infuriato, ordinò alle navi dell’Unione Sovietica di ignorare il blocco navale
del Presidente Kennedy durante la crisi dei missili cubani"

(English: "Nikita Khrushchev, enraged, ordered Soviet Union ships
to ignore President Kennedy’s naval blockade during the Cuban mis-
sile crisis")
The model incorrectly generated four identical Ha_ucciso (Kill) rela-
tions between Khrushchev and Kennedy, while missing the correct
Vive_A (Lives in) relation between Khrushchev and the Soviet Union.
This error demonstrates the model’s tendency to infer dramatic but
incorrect relations from contextual conflict scenarios.

under detection example : For the sentence: "MILANO, Italia
(AP)" (Milan, Italy (AP)) The model correctly identified organizational
relations for the Associated Press but failed to extract the fundamental
Situato_In (Located in) relation between Milan and Italy.
This error suggests difficulty with implicit geographic knowledge in
simple locative constructions. Despite the obvious geographic relation-
ship, the model failed to recognize this basic world knowledge fact,
possibly due to the abbreviated format or the presence of the "(AP)"
organizational marker.
A particularly interesting error category involves the model generating
relations that are factually correct but fall outside the defined schema."

out-of-domain example : In the sentence: "King venne ucciso il
4 aprile del 1968 a Memphis, nel Tennessee" (King was killed on April 4,
1968 in Memphis, Tennessee)
The model correctly identified the Situato_In relation between Mem-
phis and Tennessee, but additionally generated correct Evento (Event)
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relations involving the date "4 aprile del 1968" with Memphis. The
Evento relation type does not exist in the CoNLL04 schema, demon-
strating the model’s tendency to create novel relation categories when
encountering temporal-spatial contexts. These patterns indicate that
while the generative approach successfully captures complex relational
semantics, it requires improved calibration mechanisms, particularly
for handling entity-dense contexts and fundamental geographic rela-
tions.

6.15 knowledge component analysis

To understand the individual contributions of different knowledge
components in our enriched input representation, we conduct a sys-
tematic knowledge component analysis. This analysis provides crucial
insights into which aspects of knowledge augmentation are most ben-
eficial for Relation Extraction performance.
The knowledge component analysis systematically removes each knowl-
edge component individually while maintaining all other aspects of
the experimental setup. We use LLaMAntino-3 as our test model due
to its superior overall performance, and we maintain the same training
procedures, hyperparameters, and evaluation metrics across all config-
urations. Each experiment excludes one specific knowledge type while
maintaining entity predictions and the base sentence, allowing us to
isolate the contribution of individual components:

• Baseline (Full Enriched): Complete input with all three knowl-
edge components: ⟨s,E,q⊕ c⊕ v⟩

• Without Entity Outlook: ⟨s,E, c⊕ v⟩

• Without Sentence Outlook: ⟨s,E,q⊕ v⟩

• Without Relation Outlook: ⟨s,E,q⊕ c⟩

Table 41 presents the performance impact of removing each knowledge
component individually, with the baseline enriched model achieving
70.6% macro F1 serving as our reference point.

The analysis results reveal distinct contribution patterns for each
knowledge component, establishing a clear hierarchy of importance:
Removing the Sentence Outlook component causes the most severe
performance degradation. This dramatic decline indicates that contex-
tual sentence understanding is fundamental to Relation Extraction per-
formance. The sentence outlook provides essential discourse-level in-
formation that enables the model to disambiguate entity relationships
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Table 41: Knowledge component analysis results showing the impact of re-
moving individual knowledge outlook components from the en-
riched input. Each configuration excludes one specific knowledge
type while maintaining entity predictions and the base sentence.
Italian CoNLL04

Model Configuration F1 Micro F1 Macro

LLaMAntino-3 (enriched) 68.5 70.6

LLaMAntino-3

without Entity Outlook
60.1 62.6

LLaMAntino-3

without Sentence Outlook
49.0 50.6

LLaMAntino-3

without Relation Outlook
63.1 65.7

within specific contextual frameworks."
Excluding entity explanations results in an 8.0 percentage point de-
crease (70.6% → 62.6%), demonstrating the importance of explicit en-
tity semantics in Relation Extraction. This outlook provides detailed
information about entity types, roles, and significance helping identify
which entities are likely to be related and how. Removing relation-
specific explanations leads to a 4.9 percentage point reduction (70.6%
→ 65.7%), showing the smallest but still meaningful impact among the
three components. While relation outlook provides valuable relational
reasoning guidance, the model appears capable of inferring many rela-
tions from entity and sentence context when this component is absent.
The knowledge component analysis reveals a clear hierarchy of knowl-
edge component importance: Sentence Outlook > Entity Outlook >
Relation Outlook. This hierarchy suggests that: Contextual understand-
ing is paramount for Relation Extraction, as sentences provide the sit-
uational framework within which entities interact, Entity semantics
serve as the foundation for identifying potential relation participants
and their characteristics, and Explicit relational reasoning provides in-
cremental benefits but is less critical when strong contextual and en-
tity understanding exists. These findings highlight the differential con-
tribution of each component to the overall system performance. The
results also suggest potential optimization strategies, where computa-
tional resources could be prioritized toward generating high-quality
sentence and entity outlooks when resource constraints exist.
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RQ 6.1 - Which complementary knowledge component can be
obtained by Large Language Models to augment training data
for Relation Extraction?

The main complementary components are Entity Outlook and
Sentence Outlook for the English language, while for Italian,
also the Relation Outlook should be considered.

6.16 knowledge distillation for italian relation extrac-
tion

Following the successful application of knowledge distillation in En-
glish datasets, we extend this approach to Italian Relation Extraction
to investigate whether the knowledge transfer mechanisms remain ef-
fective across linguistic boundaries. This section presents our distil-
lation experiments on the Italian CoNLL04 dataset and analyzes the
transferability of reasoning capabilities learned from enriched training
data to models operating on raw Italian text. The knowledge distilla-
tion framework for Italian follows the same configuration established
in Section 6.7. The student model is trained to operate on raw Ital-
ian sentences ⟨s⟩ while learning from both the ground truth labels
and the teacher’s probability output distributions. Given the linguistic
complexity of Italian—with its rich morphology, flexible word order,
and extensive verbal conjugation—the distillation process faces addi-
tional challenges compared to English. Italian’s morphological rich-
ness means that entity boundaries and relation expressions can mani-
fest in more varied surface forms, potentially complicating the knowl-
edge transfer process. We employ the same custom loss function de-
fined in Equation 13, with α = 0.5 and temperature τ = 2.0, maintain-
ing consistency with the English experiments. Table 42 presents the

Table 42: Knowledge Distillation Results on Italian CoNLL04 Dataset

Model Configuration F1 Micro F1 Macro

LLaMAntino-3 raw (distilled) 63.06 65.98

LLaMAntino-3 raw (baseline) 58.4 62.1

distillation results on the Italian CoNLL04 dataset, comparing the dis-
tilled student model against the baseline model trained directly on
raw sentences without teacher guidance. The distilled model achieves
65.98% macro F1 and 63.06% micro F1, representing substantial im-
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provements over the non-distilled baseline (62.1% macro F1, 58.4% mi-
cro F1). This translates to a 3.88 percentage point gain in macro F1

and a 4.66 percentage point gain in micro F1, demonstrating effective
knowledge transfer despite the complete absence of auxiliary informa-
tion during training and inference.

RQ 6.2 -What is the effect of knowledge distillation when con-
sidering only model that takes as input only the raw sentence?

The knowledge distillation improves the performance of those
models that consider only raw text, denoting an even more rele-
vant impact on scenarios (Italian) characterized by less avaiable
resources.

6.17 discussion and conclusions

This chapter presented a comprehensive framework for Relation Ex-
traction that operates in two complementary phases: first enriching
sentences with auxiliary knowledge, then distilling this knowledge
to enable models that operate solely on raw text. This two-stage ap-
proach addresses both the performance gains achievable through ex-
plicit reasoning and the practical deployment constraints of real-world
systems. The knowledge augmentation phase systematically extends
training samples with multi-perspective information extracted from
Large Language Models. For English datasets, this involves Entity Out-
look and Sentence Outlook; for Italian, an additional relation-specific
component proves essential given the language’s morphological com-
plexity. Experimental results demonstrate substantial improvements:
FLAN-T5 XL achieves 80.81% macro F1 on English CoNLL04 with en-
riched input, while LLaMAntino-3 reaches 70.6% on Italian CoNLL04,
significantly outperforming raw baseline configurations across both
languages.
The knowledge component analysis studies reveal critical insights into
knowledge component hierarchies. For English CoNLL04, entity de-
scriptions provide the strongest signal, while Italian experiments show
sentence contextualization as paramount. These language-specific pat-
terns suggest that morphologically rich languages like Italian bene-
fit more from discourse-level understanding, whereas entity-type con-
straints prove more decisive in English Relation Extraction. From a
linguistic perspective, the observed cross-lingual differences between
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English and Italian Relation Extraction can be attributed to funda-
mental typological distinctions between the two languages. English ex-
hibits relatively rigid word order and limited inflectional morphology,
which makes syntactic position and entity-type constraints highly in-
formative for identifying relational patterns. As a result, entity-centric
knowledge, such as type descriptions and semantic roles—provides a
strong inductive bias for English Relation Extraction. In contrast, Ital-
ian is a morphologically rich language characterized by freer word or-
der, extensive verbal inflection, agreement phenomena, and frequent
omission of explicit subjects. These properties weaken the reliability
of surface-level cues and local syntactic patterns, increasing the impor-
tance of broader sentential and discourse-level context to correctly in-
fer relations. Consequently, sentence-level contextualization and relation-
specific knowledge play a more critical role in Italian, helping models
resolve ambiguities arising from inflectional variation and implicit ar-
guments. However, the computational overhead and auxiliary informa-
tion dependency of enriched models limit practical deployment. The
knowledge distillation phase addresses this limitation by transferring
reasoning capabilities from enriched teacher models to student models
operating on raw text alone. The distillation results validate that so-
phisticated reasoning patterns learned through enriched training suc-
cessfully transfer to raw-input models. Distilled models retain approx-
imately 93-97% of teacher performance while eliminating inference-
time dependencies on entity predictions and LLM-generated knowl-
edge. This enables practical deployment in resource-constrained envi-
ronments where auxiliary information may be unavailable. Beyond ef-
ficiency considerations, the proposed distillation framework addresses
realistic deployment scenarios in which auxiliary knowledge available
at training time cannot be reliably accessed at inference time. This sit-
uation arises in multiple real-world domains where data availability,
privacy, or system integration constraints prevent the use of enriched
inputs during prediction. For instance, in clinical text processing, en-
riched Relation Extraction models may be trained using structured
patient metadata, clinical ontologies, or LLM-generated medical back-
ground knowledge provided by specialized healthcare models. How-
ever, at inference time, patient consent restrictions, institutional data-
sharing policies, or regulatory constraints may prohibit access to such
auxiliary information. In these settings, knowledge distillation enables
the transfer of domain-specific relational understanding into models
that operate exclusively on raw clinical notes, preserving performance
while respecting privacy and compliance requirements.
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Similar constraints emerge in industrial and enterprise settings, such
as legal document analysis, financial reporting, or intelligence mon-
itoring, where enriched models can leverage proprietary knowledge
bases, entity linking systems, or external APIs during training, but
deployment environments may lack network access, licensing permis-
sions, or computational resources to support these components. Dis-
tilled models provide a robust alternative by embedding structured
relational patterns into lightweight architectures, allowing consistent
inference under strict latency, cost, or security constraints.
Conversely, there exist application scenarios where fully enriched mod-
els remain preferable and knowledge distillation is not optimal. In
dynamic or high-stakes environments—such as investigative journal-
ism, scientific literature mining, or decision-support systems for pol-
icy analysis—relations may depend on continuously evolving back-
ground knowledge, nuanced entity attributes, or up-to-date contex-
tual information. In such cases, inference-time access to enriched repre-
sentations and external knowledge sources allows models to adapt to
new facts, emerging entities, or shifting relational schemas, which can-
not be fully captured through distillation alone. Here, enriched mod-
els offer greater interpretability, flexibility, and responsiveness, at the
cost of higher computational overhead. These considerations highlight
that knowledge distillation extends beyond model compression by en-
abling models trained with enriched supervision to be deployed in
settings where auxiliary knowledge is unavailable at inference time.
This capability allows practitioners to choose between enriched and
distilled models according to operational constraints, regulatory en-
vironments, and application criticality, reinforcing the practical rele-
vance of the proposed framework across diverse real-world deploy-
ment scenarios. Future research should explore multi-teacher distilla-
tion frameworks leveraging specialized teachers with different knowl-
edge focuses, adaptive distillation strategies that dynamically adjust
transfer intensity based on instance difficulty, and cross-lingual appli-
cations for low-resource languages. The demonstrated ability to main-
tain sophisticated reasoning while reducing auxiliary dependencies
opens new possibilities for efficient yet powerful NLP systems across
diverse deployment scenarios.





7
C O N C L U S I O N S A N D F U T U R E D I R E C T I O N S

This thesis has explored advanced methodologies for Named Entity
Recognition (NER) and Relation Extraction (RE) in resource-constrained
environments, addressing core challenges related to data imbalance,
domain transfer, and the integration of external knowledge through
Large Language Models. The overarching objective was to design ap-
proaches that balance effectiveness, efficiency, and accessibility, enabling
robust information extraction even under limited computational and
data resources.
The first part of the work concentrated on NER, beginning with the
challenge of class imbalance in sequence labeling. The study demon-
strated that optimal rebalancing strategies are highly dependent on
model architecture: while span-based models like SpanCategorizer ben-
efit from sophisticated sentence-level techniques such as smoothed
count resampling, transformer-based models like BERT achieve supe-
rior performance with simple random oversampling. Critically, the in-
vestigation revealed that random undersampling fails catastrophically
across all configurations, highlighting the reliance of modern NER
systems on the sentence composition. These findings underscore that
the choice of rebalancing strategy must be tailored to the underlying
model’s capacity to capture linguistic patterns, while also exposing
the computational costs of data augmentation approaches that scale
poorly across domains.
Subsequent investigations addressed the problem of adapting NER
systems to new domains with scarce annotated data. The proposed ap-
proach showed that high-quality adaptation can be achieved with sub-
stantially reduced computational demands compared to conventional
fine-tuning techniques. Attention-based representations emerged as
especially transferable, supporting the idea that such features cap-
ture domain-agnostic linguistic knowledge. This provides a more sus-
tainable and resource-efficient alternative for real-world deployment,
where scalability and energy efficiency are increasingly significant.
The second part of the thesis introduced a comprehensive framework
for knowledge-enhanced Relation Extraction for English and Italian
texts, which combines knowledge augmentation with distillation. The
enrichment phase expanded the input data with auxiliary contextual
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and explanatory information generated by Large Language models,
leading to substantial improvements in relational understanding across
languages. The experiments reveal that the relative contribution of dif-
ferent forms of knowledge—such as entity descriptions or contextual
cues—varies with linguistic characteristics. In particular, languages
with richer morphology appear to benefit more from discourse-level
contextualization, suggesting that knowledge augmentation strategies
should be sensitive to language typology and structural complexity.
The subsequent distillation phase enabled the transfer of reasoning ca-
pabilities from enriched models to lighter, standalone systems that op-
erate solely on raw input. This process preserved most of the benefits
of knowledge enrichment while removing dependencies on external
resources at inference time, thereby improving efficiency and practical
applicability.
Despite these promising results, a few limitations should be acknowl-
edged. The Italian corpus, although carefully designed, may not fully
reflect the stylistic and syntactic diversity of naturally occurring lan-
guage. Furthermore, while distillation substantially reduces computa-
tional costs, it still entails a modest performance trade-off that should
be considered when selecting models for production use. Overall, this
work contributes to a deeper understanding of how efficiency, adapt-
ability, and knowledge integration can be jointly pursued in informa-
tion extraction under a low-resource scenario.
With respect to generalization, the proposed framework is designed
to be largely language- and domain-agnostic, as it does not rely on
language-specific rules or handcrafted resources. The core components
(sentence level augmentation, auxiliary knowledge generation, and dis-
tillation) can be applied to other languages and domains provided
that a minimal amount of annotated data is available and that suit-
able language models exist to generate auxiliary information. Empiri-
cal evidence from English and Italian suggests that while the relative
effectiveness of different knowledge components may vary with lin-
guistic and structural properties, the overall paradigm remains stable
across settings. Moreover, the framework naturally extends to more
complex information extraction scenarios, such as document-level or
multi-hop relation extraction, by leveraging LLMs to enrich larger tex-
tual units (e.g., paragraphs or documents) with auxiliary knowledge
before distilling these enhanced representations into efficient models.
While additional modeling choices are required to capture long-range
dependencies and cross-sentence interactions, the underlying separa-
tion between enriched learning and efficient inference remains appli-
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cable, supporting the generalizability of the approach beyond the spe-
cific tasks and datasets explored in this thesis. This research opens sev-
eral promising directions for further investigation. A first natural ex-
tension concerns the transition from sentence-level to document-level
modeling for both Named Entity Recognition and Relation Extraction.
Expanding the current framework to operate at the document scale
would enable models to capture cross-sentence dependencies, corefer-
ence phenomena, and multi-hop relational patterns that are crucial for
comprehensive text understanding. Such an advancement would move
beyond isolated sentence analysis toward a more global representation
of entities and their interconnections within discourse.
Another potential research direction involves extending the framework
to handle n-ary relations, where two or more entities participate si-
multaneously in a single relational instance. This would allow the sys-
tem to model complex semantic structures such as event participation,
causality chains, or compositional relations that cannot be adequately
represented through traditional binary relation extraction schemes. In-
tegrating such relational complexity would significantly enhance the
expressive power of current models.
Future work could also explore the development of adaptive knowl-
edge augmentation mechanisms capable of tailoring the quantity and
nature of generated auxiliary information to the difficulty of each in-
put instance. Coupled with selective distillation techniques that pri-
oritize the transfer of the most generalizable reasoning patterns, this
direction would make the overall process more efficient and context-
sensitive, improving both interpretability and computational scalabil-
ity.
Finally, adapting the proposed methods to low-resource and multilin-
gual settings remains a key challenge. Cross-lingual transfer, the use
of multilingual Large Language Models, could together enable broader
applicability across languages and domains with limited labeled data.
Advancing in this direction would strengthen the inclusiveness and
practical impact of knowledge-augmented extraction systems, making
them more accessible for real-world applications.
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