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Abstract

A knowledge graph (KG) is a structured representation of facts where entities
(such as people, places, or organizations) are connected by predefined relationships
(like birthplace or occupation). The main goal of this thesis is to explore how
incorporating knowledge graph information can improve information extraction
methods for populating KGs with new facts.

Knowledge graph population involves identifying factual triples, each consisting
of subject, relation and object (e.g., (Einstein, birthplace, Ulm)), within text and
enriching an existing KG with the extracted information. We focus on two essential
steps of knowledge graph population: entity linking and relation extraction.

Entity linking matches entities mentioned in text to the ones in the KG, for example,
linking Apple to the technology company rather than the fruit.

Relation extraction identifies relations expressed between two entities in text, such
as recognizing that Steve Jobs founded Apple indicates a founderOf relationship.

First, we review current entity linking methods and how they incorporate KG
information, demonstrating that such information remains underutilized despite
its potential benefits.

Building on this, we investigate the impact of KG embeddings on entity linking
for entities both inside and outside the KG, showing an impact on entities inside
but not outside.

Next, we evaluate the role of KG information in relation extraction across texts
of varying lengths, from single sentences to full paragraphs, and in both fully-
supervised (with several labeled examples) and zero-shot (no labeled examples)
settings.

We first incorporate KG information into relation extraction by integrating entity
types (e.g., person, shipyard, movie) in textual and vectorized forms, both of which
show significant positive effects.

Finally, we examine the impact of structural KG information by including paths,
sequences of triples connecting two entities, which notably improve relation
extraction, especially in zero-shot scenarios.

Overall, we assert that incorporating knowledge graph information can signif-
icantly influence the performance of information extraction methods, with the
degree of impact depending on the type of text, availability of data and the kind
of information used.






Zusammenfassung

Ein Knowledge Graph (KG) ist eine strukturierte Reprasentation von Fakten,
bei der Entitaten (wie Personen, Orte oder Organisationen) durch vordefinierte
Relationen (wie birthplace oder occupation) miteinander verbunden sind. Das
Hauptziel dieser Arbeit ist es, zu untersuchen, inwieweit die Einbindung von
Knowledge-Graph-Informationen die Leistung von Informationsextraktionsme-
thoden verbessert.

Das Anreichern eines Knowledge Graphs mit Informationen, auch KG-Population
genannt, beinhaltet das Erkennen faktischer Tripel, die jeweils aus Subjekt, Relati-
on und Objekt bestehen (z.B. (Einstein, birthplace, Ulm)), innerhalb von Texten
sowie das Hinzufiigen dieser zu einem bestehenden KG. Wir konzentrieren uns
dabei auf zwei zentrale Schritte von KG-Population: Entity Linking und Relation
Extraction.

Entity Linking ordnet im Text erwahnte Entitdten den konkreten Entitdten im
KG zu. Zum Beispiel wird Apple mit dem Technologieunternehmen statt mit der
Frucht verkniipft.

Relation Extraction identifiziert Relationen, die zwischen zwei Entitaten im Text
ausgedriickt werden, wie etwa das Erkennen, dass Steve Jobs griindete Apple auf
eine founderOf-Beziehung hinweist.

Zunichst geben wir einen Uberblick tiber aktuelle Entity-Linking-Methoden und
analysieren, inwiefern sie KG-Informationen einbinden. Dabei zeigen wir, dass
solche Informationen trotz ihres Potenzials bislang nur teilweise genutzt werden.

Darauf aufbauend untersuchen wir den Einfluss von KG-Embeddings auf das
Entity Linking, sowohl fiir Entitdten, die im KG enthalten sind, als auch fiir solche
auflerhalb, und zeigen, dass ein Einfluss auf Entitidten innerhalb, jedoch nicht

auflerhalb besteht.

Anschlieflend evaluieren wir die Rolle von KG-Informationen bei der Relation
Extraction iiber Texte unterschiedlicher Lange hinweg, von einzelnen Satzen
bis hin zu ganzen Abséitzen, sowie in verschiedenen Szenarien: sowohl im fully-
supervised (mit mehreren gelabelten Beispielen) als auch im zero-shot (ohne
gelabelte Beispiele) Szenario.

Zuerst integrieren wir KG-Informationen in der Relation Extraction durch die
Einbindung von Entitétstypen (z.B. Person, Werft, Film) in textueller sowie in
vektorisierter Form, wobei beide Varianten signifikant positive Effekte zeigen.

Abschlief3end untersuchen wir den Einfluss struktureller KG-Informationen, indem
wir Pfade, Sequenzen von Tripeln, die zwei Entitdten miteinander verbinden,



einbeziehen. Diese verbessern die Relation Extraction deutlich, insbesondere in
Zero-Shot-Szenarien.

Insgesamt stellen wir fest, dass die Einbeziehung von Knowledge-Graph-Informationen
die Leistung von Informationsextraktionsmethoden erheblich verbessern kann,
wobei das Ausmaf} des Einflusses von der Art des Textes, der Verfiigbarkeit von
Daten und der Art der verwendeten Informationen abhéngt.
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Introduction

1.1 Motivation

A knowledge graph (KG) is "a graph of data intended to accumulate and convey
knowledge of the real world, whose nodes represent entities of interest and whose
edges represent relations between these entities" (Hogan et al., 2021, p. 2) (see
Figure 1.1 for an example). It can be viewed as a specialized type of database
designed to store and manage facts across a diverse range of domains in the
form of a graph. These domains encompass common-sense knowledge (Ilievski
et al., 2021), such as the typical shape of an apple, to more general information
about countries or movies (Vrandeci¢ and Krotzsch, 2014), and extend to highly
specialized areas detailing facts about genes and their interactions (Chandak et al.,
2023; The Gene Ontology Consortium et al., 2023). In KGs, facts are commonly
represented as triples, each comprising a subject entity, a relation, and an object
entity.

The task of populating these KGs with accurate information—i.e., identifying
entities, extracting relationships between them, and incorporating this structured
information into the graph—can be labor-intensive and challenging (Zhong et al.,
2024). Some KGs are manually curated by a large network of contributors, which
often ensures high data quality but incurs significant time and financial costs (Vran-
deci¢ and Krotzsch, 2014). Conversely, automated web scraping methods can
rapidly collect data but might overlook nuances or produce incomplete datasets,
as they depend on existing web content that may be error-prone or lacking in
depth (Hogan et al., 2021).

The emergence of pre-trained language models (PLMs) (Devlin et al., 2019) has
dramatically improved the potential for automatic extraction and integration of
facts into KGs. These models, leveraging deep neural networks, enhance the
precision and scope of information extraction, offering greater efficiency and
scalability than previous methodologies. The advent of generative large language
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Figure 1.1: Example KG depicting various entities in connection to Barack Obama.

models (LLMs) (Zhao, Zhou, et al., 2023) has further simplified the generation of
facts from text, making this process more accessible and robust.

In this thesis, we are particularly interested in how information from an existing
KG can be used to guide and improve automatic information extraction tasks,
specifically entity linking and relation extraction. Importantly, we do not aim
to construct a full knowledge graph from scratch as is done in knowledge graph
construction (Das et al., 2024; Heist, 2024; Prabhong et al., 2024; Zhang and Soh,
2024; Zhang, Cao, Wang, et al., 2024).

To better understand how KG information can support the task of entity linking
(EL), which is vital for populating a KG, we first examine the major challenges
this task presents. The aim in EL is to link entities mentioned in the text to their
corresponding entity as existing in a KG. A difficulty is here the ambiguity between
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different entities. For example, War of the Worlds could refer to the book, several
movies or TV-shows. A significant challenge connected to this lies in managing
entities that have not yet been or are newly added to a KG (Hoffart et al., 2014).
In our dynamic world, new entities are constantly emerging. For instance, new
individuals are born every day, new books and articles are published, and new
scientific discoveries are made. Integrating these new entities along with their
information into existing KGs is vital for keeping the relevance and accuracy of
KGs.

In regard to the task of EL, we can differentiate between two major groups of
entities: 1) entities that are already present in the KG (in-KG entities), and 2) entities
that are not yet part of the KG (out-of-KG entities'). Only the first group—entities
within the KG—can be further subdivided into 1a) entities available during the
training phase of a method, and 1b) entities added to the KG after training. Training
refers to the phase where an EL method’s parameters are adjusted using a dataset
to perform the corresponding task. See Figure 1.2 for a comparison of the different
types of entities in the context of EL.

Training Inference

"I recently rewatched Stranger Things,

% % % checked out the new series Fallout,
and saw a teaser for the upcoming
00, Harry Potter TV Show." TV KG

(2024)

Entity Linker

"I recently rewatched Stranger Things,
checked out the new series Fallout,
and saw a teaser for the upcoming

Harry Potter TV Show."

Figure 1.2: The figure illustrates an entity linker during both training and inference.
During training, a knowledge graph (KG) focused on television shows, referred to as the
TV KG (2020), is used. During inference, the input text mentions three entities: Stranger
Things, Fallout, and Harry Potter. At this stage, the updated TV KG from 2024 is employed.
Among the three, Stranger Things, in group 1a), already existed in the KG during training
(blue node). Fallout, in group 1b), was added after training and is now present in the KG
(red node). In contrast, the Harry Potter TV show, in group 2), does not exist in the 2024
KG, which only includes released shows. As a result, Stranger Things and Fallout can be
linked to KG entries, whereas Harry Potter must be identified as not yet present in the
KG.

EL methods supporting entities beyond group 1a) need to overcome different
challenges. First, to support entities of group 1b), methods need to be developed
that can generalize to entirely new entities added to an existing KG. In machine
learning, a model’s ability to generalize to unseen labels or outputs is referred to as
zero-shot learning. Unlike fully-supervised learning, where models are trained on
labeled examples that include all possible output labels, zero-shot settings involve

1. Note that such entities are also sometimes called NIL entities (Ilievski, 2019).
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encountering new, previously unseen labels.? See Figure 1.3 for an illustration.
Specifically, in EL, zero-shot generalizability refers to a model’s capacity to link to
completely new entities that it has not seen during training.

Training Input Inference Input
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Figure 1.3: Zero-shot vs. Fully-Supervised learning: The labels (indicated by their colors)
of the input examples during training and inference are the same for fully-supervised
learning, while they are different for zero-shot learning.

Secondly, to support entities of group 2), another vital aspect is a model’s ability to
determine whether newly encountered entities in text already exist within a KG.
This includes the ability to discern gaps in the graph where new entities should
be placed, as well as identifying whether the information in the text matches
existing entities. Finally, as a new entity might occur repeatedly, connecting
multiple instances of the same new entity becomes crucial. This is usually solved
by clustering all mentions of new entities globally (Agarwal et al., 2022; Heist
and Paulheim, 2023), where clustering refers to the process of assigning multiple
mentions of entities to each other based on their similarity. Since entities of group
2) are not encountered during training as well, an EL model supporting them must
also have zero-shot capabilities. This thesis investigates whether incorporating KG
information into the EL method is beneficial, especially with a focus on out-of-KG
entities.

Another core information extraction task explored in this thesis is relation extrac-
tion (RE), where we aim to assess the impact of introducing information from a KG
when extracting relations from text. The specific goal is to identify the relations
expressed between pairs of entities. This is accompanied by specific challenges as
well.

The use of relations can vary significantly from one KG to another, making it
essential to accurately identify which relations are relevant for extraction. For
example, a relation like country might only apply to associations between cities
and countries within one KG. At the same time, in another KG, it might only
relate to associations between persons and countries. This contextual discrepancy
underscores the necessity of understanding each KG’s specific schema to extract
valid information from text.

Moreover, certain relations may be used less frequently than others, adding a layer
of complexity to their identification. Rare relations are also referred to as long-tail
relations, as the frequency distribution of all relations typically exhibits a long

2. Note that in zero-shot learning, supervision is still taking place during training. The model
is trained with labeled data, just not for all of the labels it may encounter at inference time (Xian
et al., 2019).



1. Introduction

tail. This tail represents the many relations that occur infrequently, in contrast to
the few common relations that appear frequently and dominate the head of the
distribution. For example, every person has parents, but unfortunately, not every
person has won an award. Therefore, the latter is more rarely encountered in the
KG as well as in text. This is especially true when we encounter completely new
relations (such as in a zero-shot setting) or when many relations exist, resulting in
a higher level of ambiguity. If relations are rarer, this results in less training data,
which affects model performance (Goodfellow et al., 2016; Kaplan et al., 2020).

In this thesis, we will focus on several of these problems, with a specific emphasis
on how incorporating information from KGs can support and improve both EL
and RE. In Chapter 2, we will introduce all the necessary knowledge to provide
a foundation for the rest of the research. In Chapter 3 we have a look at the KG
feature utilization of recent EL methods working on the popular open-domain
KG Wikidata (Vrandeci¢ and Krotzsch, 2014). By KG features, we are referring to
any specific type of information from the knowledge graph, such as entity types,
descriptions, or graph connections. Additionally, we also analyze all EL datasets
connected to Wikidata. Finally, in Chapter 4, we will look at the impact of KG
information on the identification of out-of-KG entities and their clustering. In
Chapter 5, Chapter 6, and Chapter 7, we explore the impact of leveraging KG
information in both large-scale and zero-shot RE settings. By examining how
ambiguous and long-tail relations can be effectively extracted, we aim to enhance
the methodologies for handling RE in diverse settings.

1.2 Research Questions

Based on the key challenges outlined in the previous section, we investigate five
research questions across four critical aspects: (RQ1) the use of KGs in existing EL
methods; (RQ2) the impact of KG information on out-of-KG EL; (RQ3 and RQ4) the
role of fine-grained entity types in the task of RE; (RQ5) and the effect of including
structural KG information into RE.

Our initial focus is on understanding how well recent Wikidata-based EL methods
utilize the rich information within KGs. This question is essential in determining if
current methodologies effectively tap into available data for tasks like EL, especially
under challenging conditions where typical resources might be absent. We focus
on the Wikidata KG because it is one of the largest publicly available knowledge
graphs (Suchanek et al., 2024) and is widely used in research.’

Research Question 1

How do recent Wikidata-based entity linking methods leverage knowledge
graph information?

3. Google Scholar lists “Wikidata: a free collaborative knowledge base” (Vrande¢i¢ and Krotzsch,
2014) as being cited 5,003 times as of July 8, 2025.
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Building upon the first question, our second inquiry delves into the specific
scenario of recognizing and handling out-of-KG entities. Here, we explore the
potential advantages that a KG’s inherent information might offer to this task.

Research Question 2

How does incorporating knowledge graph information affect the performance
of entity linking methods on out-of-KG entities?

Shifting focus towards RE, the third question investigates the role of fine-grained
entity-type information in zero-shot settings. This question is crucial for under-
standing the adaptability of current systems when confronted with entirely novel
relation types, thus probing the versatility of existing models against unseen data.

Research Question 3

What effect does the inclusion of fine-grained entity types have on the task
of zero-shot relation extraction?

Furthermore, we extend our examination of fine-grained entity information to
discern how its inclusion influences performance in settings characterized by
numerous relations.

Research Question 4

How does the utilization of fine-grained entity-type information affect the
performance of relation extraction methods with numerous relations?

Finally, we extend our analysis to the overall impact of graph information. We
investigate the effect of incorporating the path-wise information between entities
in the fully-supervised and zero-shot settings of RE.

Research Question 5

What impact does the inclusion of structural information from the knowledge
graph have in zero-shot and fully-supervised relation extraction settings?

1.3 Contributions

In this section, we specify the contributions of each of the contained papers to
answering those research questions:

Research Question 1: In Chapter 3, we conduct a survey by gathering and
analyzing all peer-reviewed EL papers, comprising method and dataset papers,
published until 2021 that focused on the Wikidata KG. We categorize these papers
regarding their usage of the Wikidata features such as type information, entity
descriptions and the actual underlying graph, among others. Furthermore, we



1. Introduction

analyze the potential for zero-shot EL usage. Our findings reveal that most methods
make limited use of graph information.

Research Question 2: In Chapter 4, we examine the impact of KG information
on the task of EL when dealing with out-of-KG entities. To accomplish that, we
integrate KG embeddings into the EL process. To evaluate performance, we adapt
a widely used EL dataset (Hoffart et al., 2014) by splitting the set of entities into
two sets: some are present in the knowledge graph (KG), and others are not. In
addition, we construct a new dataset derived from the "Current events" section of
Wikipedia*, denoted Wikievents. The texts are divided based on their publication
date: before or after the beginning of 2019. We then use a Wikidata KG snapshot
from 2019, ensuring that the texts published after that year include entities not
present in the KG. Our results on those datasets demonstrate that while these
embeddings enhanced the EL of in-KG entities, they did not affect the performance
of out-of-KG EL.

Research Question 3: In Chapter 5, we investigate the impact of fine-grained
entity types in the task of zero-shot RE by introducing the labels of the involved
entity types into the RE method. Our findings show that including them in the
model leads to significant improvements, especially when the difficulty of zero-
shot RE increases.

Research Question 4: In Chapter 6, we analyse the impact of fine-grained
entity types in the setting of closed information extraction, where EL and RE
are performed together. We particularly examine scenarios involving a large
number of potential relations. We show that by incorporating the fine-grained type
information as vectors into the RE, the closed information extraction performance
increases substantially. These improvements are connected to an enhanced ability
to extract long-tail relations.

Research Question 5: In Chapter 7, we investigate the impact of structural KG
information - specifically, in the form of paths between entities inside the graph -
on the task of RE by incorporating it through the use of graph neural networks. Our
findings show that including them in the model leads to significant improvements
in the zero-shot setting while having a positive impact in the supervised setting
as well.

1.4 Related Work

This section summarizes prior work related to the task of information extraction,
emphasizing the inclusion of KG information. We focus in particular on two key
subproblems: EL and RE.

4. https://en.wikipedia.org/wiki/Portal:Current_events
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1.4. Related Work

1.4.1 Entity Linking

To gain an overview of how KG information is used for EL, we conduct a survey.
While many surveys on EL existed prior to our work, most focused on different
architectures (Sevgili et al., 2019), on specific domains (French and McInnes,
2023) or were outdated, not considering modern deep learning methods (Shen
et al., 2015). Furthermore, the KG features used by different deep learning EL
models have not yet been investigated. To get a comprehensive overview, we
analyze all methods focusing on the Wikidata KG regarding their KG feature
utilization, specifically which elements in the KG the methods consider during EL
(see Chapter 3).

Early EL systems relied on syntactic string similarity between entity names in the
KG and the entity mentions in the text (Ferragina and Scaiella, 2012; Hoffart et al.,
2011). Later models utilized graph information (Moussallem et al., 2017; Usbeck,
Ngonga Ngomo, et al., 2014) but still struggled with semantic variability due to
their reliance on syntactic similarities (e.g., matching scientist and researcher). This
imitation was addressed by static word embeddings (e.g., GloVe (Pennington et al.,
2014) and Word2Vec (Mikolov et al., 2013)), which enabled semantic representation-
based matching and improved performance (Ganea and Hofmann, 2017; Le and
Titov, 2018). However, such models require precomputed embeddings for entities,
limiting their zero-shot capabilities.

The development of the transformer-based encoder-only models (Devlin et al.,
2019; Vaswani et al., 2017) allowed for more robust zero-shot EL. Most prominent
methods rely on a bi-encoder or cross-encoder, which compares the entity mention
and entity description using a language model (Logeswaran et al., 2019; Wu,
Petroni, et al., 2020). While such methods allow zero-shot EL, KG information
was only utilized by a few methods (Ayoola et al., 2022; Mulang, Singh, Prabhu,
et al., 2020; Raiman, 2022; Zhang, Cao, and Groth, 2024). For a more thorough
introduction to encoder-only, bi-encoder and cross-encoder methods, please refer
to Section 2.4.2.

Recent works have explored generative EL methods. These approaches generally
fall into two categories. First, approaches generating entity identifiers, typically
human-readable labels such as Barack Obama, directly (Cao et al., 2021) and second,
models that concatenate the entity mention and candidate entity descriptions
and then generate the target entity name (Zhou et al., 2024) (see Section 2.4.2 for
more information). While the former lacks zero-shot capabilities, a disadvantage
of the latter is the increased processing time due to the larger context window
necessary for concatenating all information (Bhargav et al., 2022). Neither uses
KG information.

Only a few EL methods focus on the identification of whether the entity a mention
is referring to actually exists (Ayoola et al., 2022; Hoffart et al., 2014; Zhou et al.,
2024; Zhu et al., 2023). Similarly, little emphasis is given to clustering out-of-KG
entities (Agarwal et al., 2022; Heist and Paulheim, 2023; Kassner et al., 2022). Yet
these capabilities are critical for keeping KGs up-to-date, as the same out-of-KG
entity may appear multiple times across documents. Existing clustering methods
do not explore the potential of KG information in supporting this process. While
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zero-shot EL for in-KG entities has received increasing attention, this thesis focuses
instead on a more underexplored problem: how KG information can support the
identification and clustering of out-of-KG entities (see Chapter 4).

1.4.2 Relation Extraction

RE, like EL, has a long-standing research history. One of the first efforts to
define a standardized benchmark for the task was the ACE program, launched
in 1999 (Doddington et al., 2004). Since then, significant advances have been
made alongside the advancements in language models. Initially, identifying
relations relied on extracting syntactical features. Similar to EL, the introduction
of static word embeddings and transformer-based models also led to performance
improvements (Nasar et al., 2022). The incorporation of KG information into the
RE setup has rarely been studied in the past. Existing methods that incorporate KG
information mostly focused on a fully-supervised setting with up to two hundred
relations (Bastos et al., 2021; Jain et al., 2024; Jain et al., 2023; Mai et al., 2025; Sakor
et al., 2019). Incorporating KG information into a single method that focuses on a
large number of around 1000 relations with many long-tail relations is explored
in our work in Chapter 6.

Exploring the impact of knowledge graph information on the task of zero-shot
RE (Gao et al., 2019) is still largely missing in the literature. In our work, we
examine the influence of KG information in this context in two ways: initially,
through the inclusion of type information in Chapter 5, and subsequently, through
the actual paths between entities in the KG in Chapter 7. While the inclusion
of type information into the task of RE was already explored in the past (Zhao
et al,, 2024), many methods only focused on very broad entity types such as person,
location or organization.

1.4.3 Joint Methods

Several methods have been proposed to jointly perform EL and RE (Dubey et al.,
2018; Lin et al., 2021; Lin et al., 2020; Sakor et al., 2019; Sakor et al., 2020). Many
of the existing approaches primarily focus on question answering where the
encountered texts are short. While some methods incorporate information from
KGs, their textual components are often outdated, and KG inclusion typically
relies on exact matching techniques. Furthermore, zero-shot settings are largely
neglected.

In contrast, our work considers texts of varying lengths and leverages neural lan-
guage models alongside KG embedding techniques and targets zero-shot scenarios
as well.

1.5 Publications

This section includes a list of all papers accepted as part of this thesis, along with
all other papers to which the author contributed. Additionally, the contributions
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of each author of the accepted papers comprising this thesis are described in more
detail.

1.5.1 Accepted Papers Comprising This Thesis

10

+ Cedric Moller, Jens Lehmann, and Ricardo Usbeck. 2022. Survey on English

Entity Linking on Wikidata: Datasets and Approaches. Semantic Web 13 (6):
925-966 (Chapter 3)

Cedric Moller and Ricardo Usbeck. 2024. Entity Linking with Out-of-
Knowledge-Graph Entity Detection and Clustering Using Only Knowl-
edge Graphs. In Knowledge Graphs in the Age of Language Models and
Neuro-Symbolic Al - Proceedings of the 20th International Conference on
Semantic Systems, 17-19 September 2024, Amsterdam, The Netherlands, edited
by Angelo A. Salatino, Mehwish Alam, Femke Ongenae, Sahar Vahdati,
Anna Lisa Gentile, Tassilo Pellegrini, and Shufan Jiang, 60:88-105. Studies
on the Semantic Web. 10S Press (Chapter 4)

Cedric Moller and Ricardo Usbeck. 2024. Incorporating Type Information
into Zero-Shot Relation Extraction. In Joint proceedings of the 3rd Interna-
tional workshop on knowledge graph generation from text (TEXT2KG) and Data
Quality meets Machine Learning and Knowledge Graphs (DQMLKG) co-located
with the Extended Semantic Web Conference (ESWC 2024), Hersonissos, Greece,
May 26-30, 2024, edited by Sanju Tiwari, Nandana Mihindukulasooriya,
Francesco Osborne, Dimitris Kontokostas, Jennifer D’Souza, Mayank Kejri-
wal, Maria Angela Pellegrino, Anisa Rula, José Emilio Labra Gayo, Michael
Cochez, and Mehwish Alam, 3747:10. CEUR Workshop Proceedings. CEUR-
WS.org (Chapter 5)
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Information Extraction. In The Semantic Web - ISWC 2024 - 23rd International
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ceedings, Part II, edited by Gianluca Demartini, Katja Hose, Maribel Acosta,
Matteo Palmonari, Gong Cheng, Hala Skaf-Molli, Nicolas Ferranti, Daniel
Hernandez, and Aidan Hogan, 15232:23-40. Lecture Notes in Computer
Science. Springer (Chapter 6)

Cedric Moller and Ricardo Usbeck. 2025. Analyzing the Influence of Knowl-
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June 1-5, 2025, Proceedings, Part I, edited by Edward Curry, Maribel Acosta,
Maria Poveda-Villalon, Marieke van Erp, Adegboyega K. Ojo, Katja Hose,
Cogan Shimizu, and Pasquale Lisena, 15718:460-480. Lecture Notes in
Computer Science. Best Student Paper Award. Springer (Chapter 7)
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1.5.2 Comments on the Degree of Authorship

The contributions to the five papers are described here following the CRediT
(Contributor Roles Taxonomy) system®.

For all five papers, I was responsible for conceptualization, methodology, software
development, formal analysis, investigation, data curation, original draft writ-
ing, and visualization. This encompassed the full research workflow, including
designing the architectures, implementing the code, planning and conducting
experiments, analyzing the results, authoring the manuscripts, and creating the
figures to effectively present the findings.

In the paper “Survey on English Entity Linking on Wikidata: Datasets and Ap-
proaches,” Ricardo Usbeck and Jens Lehmann contributed primarily through
writing-review and editing, as well as engaging in conceptual discussions that
helped refine and clarify key ideas.

9 &

For the papers “DISCIE: Discriminative Closed Information Extraction,” “Entity
Linking with Out-of-Knowledge-Graph Entity Detection and Clustering Using
Only Knowledge Graphs,” “Incorporating Type Information into Zero-Shot Re-
lation Extraction,” and “Analyzing the Influence of KG Information on Relation
Extraction,” Ricardo Usbeck’s contributions involved writing-review and editing,
and critical discussions that supported the development and strengthening of the
research ideas.

1.5.3 Other Papers

In addition to the main contributions of this thesis, the following papers and book
chapters were published throughout the doctorate as well. Some of these works are
closely connected to the topic of this thesis, such as the Doctoral Consortium paper
"Knowledge Graph Population with Out-of-KG Entities" and the book chapter
"Neuro- Symbolic Relation Extraction".

Other papers with a more distant connection were produced in collaboration
with colleagues, stemming from complementary research interests. The paper
"Biomedical Entity Linking with Triple-aware Pre-Training" tackles the EL task as
well; however, it focuses specifically on the biomedical domain and does not fit
the KG-guided theme of the thesis itself.

Finally, the papers "Event Extraction Alone Is Not Enough" and "Ontology- Guided,
Hybrid Prompt Learning for Generalization in Knowledge Graph Question An-
swering" are only loosely connected to the core topic of this thesis. They either
address different information extraction tasks, such as event extraction, or focus
on retrieving information from a KG in the form of KG question answering.

« Cedric Moller. 2022. Knowledge Graph Population with Out-of-KG Entities.
In The Semantic Web: ESWC 2022 Satellite Events - Hersonissos, Crete, Greece,
May 29 - June 2, 2022, Proceedings, edited by Paul Groth, Anisa Rula, Jodi
Schneider, Ilaria Tiddi, Elena Simperl, Panos Alexopoulos, Rinke Hoekstra,

5. Please see https://credit.niso.org/ for a definition of each category.
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Mehwish Alam, Anastasia Dimou, and Minna Tamper, 13384:199-214. Lec-
ture Notes in Computer Science. Runner-up, Best Doctoral Consortium
Paper Award. Springer

+ Junbo Huang, Longquan Jiang, Cedric Moller, and Ricardo Usbeck. 2024.
Event Extraction Alone Is Not Enough. In Proceedings of Text2Story - Seventh
Workshop on Narrative Extraction From Texts held in conjunction with the 46th
European Conference on Information Retrieval (ECIR 2024), Glasgow, Scotland,
UK, March 24, 2024, edited by Ricardo Campos, Alipio Mario Jorge, Adam
Jatowt, Sumit Bhatia, and Marina Litvak, 3671:105-114. CEUR Workshop
Proceedings. CEUR-WS.org
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1.6 Thesis Outline

As this is a cumulative thesis, the thesis contains two types of chapters. The first
type provides the overarching framework for the published works. Chapters 1, 2
and 8 belong to this type. Specifically, Chapter 1 introduces the thesis as a whole,
Chapter 2 introduces key concepts relevant to all included publications, while
Chapter 8 summarizes the contributions and offers an outlook on future research.

In these chapters, typographic conventions are as follows: word and phrase
examples are presented in italics (e.g., running), while relation names and en-
tities in knowledge graph triples are set in monospaced font (e.g., birthplace,
BarackObama). These conventions do not apply to chapters containing the original

papers.
The second type comprises the chapters containing the original papers, which
are included in their peer-reviewed and published form. The only modifications

made are formatting adjustments to match the style of the thesis. Chapters 3 to 7
belong to this type.
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Theoretical Background

2.1 Introduction

This chapter will introduce all concepts relevant to and the basis for the research
conducted in the presented papers. Since knowledge graphs (KGs) are the over-
arching theme across all papers (relevant to Chapters 3 to 7) in this thesis, they
are introduced in the first section. The section will describe their origin, structure
and different KG domains.

Next, neural networks and specific types of neural networks are introduced as they
are essential for all later chapters. After giving a general overview, we will focus in
more detail on language models (relevant to Chapters 3 to 7) and knowledge graph
embeddings (relevant to Chapters 3, 4 and 7). We introduce encoder-only, encoder-
decoder and decoder-only transformer-based language models and distinguish
between inductive and transductive knowledge graph embeddings.

The final section introduces the task of knowledge graph population (KGP), its
connection to information extraction and their corresponding sub-tasks, especially
entity linking (relevant to Chapters 3, 4 and 6) and relation extraction (relevant to
Chapters 5 to 7).

2.2 Knowledge Graphs

While multiple definitions for knowledge graph exist, we base our understanding
on the definition that it is "a graph of data intended to accumulate and convey
knowledge of the real world, whose nodes represent entities of interest and whose
edges represent relations between these entities” (Hogan et al., 2021, p. 2). While
the term knowledge graph is not entirely new and has existed for more than
50 years (Schneider, 1973), today’s popularity was heavily influenced by the
introduction of the Google Knowledge Graph in 2012. While not all details on
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how the Google Knowledge Graph works are public, it was introduced to improve
the Google search results (Hogan et al., 2021; Singhal, 2012).

Barack
Obama

Michelle

Figure 2.1: A triple expressing that Barack Obama is married to Michelle Obama. Barack
Obama corresponds here to the subject node, Michelle Obama to the object node and
spouse is the relation.

There are two major types of KGs: RDF (Resource Description Framework)
graphs (World Wide Web Consortium, 2014) and labelled property graphs (Angles,
2018). Both consist of nodes and edges, but in labelled property graphs, each node
or edge can be equipped with additional properties directly associated with the
element. On the other hand, in RDF graphs, everything is modelled as triples.
RDF "is a framework for representing information in the Web" (World Wide Web
Consortium, 2014).

2.2.1 RDF and the Semantic Web

In this thesis, we focus exclusively on RDF graphs, given their widespread adoption
in research (Nicolaie and Oprea, 2025) and the fact that major open-domain
knowledge graphs, such as Wikidata (World Wide Web Consortium, 2014) and
DBpedia (Lehmann et al., 2015), are based on RDF. Therefore, a more detailed
introduction is warranted.

RDF plays a central role in the Semantic Web (Lassila et al., 2001), which extends the
traditional document-based Web by making data machine-readable through the use
of semantics, defining how data should be understood and related. RDF serves as
the standard for describing resources on the Web, which facilitates interoperability
by adhering to universal standards promoted by the World Wide Web Consortium
(W3C). The W3C aims to develop open standards for the World Wide Web and
has also created widely-used standards such as CSS and HTML (World Wide Web
Consortium, 2025).

Therefore, RDF graphs are particularly suitable for applications where linking
resources in different data sources is crucial. In contrast, labelled property graphs
allow for more flexible data modeling with attributes on nodes and edges, making
them favored in industries requiring rich metadata representation, such as social
networking services (Tian, 2022).

Formally, RDF represents information as triples of the form (subject, relation,
object), where each element is either a resource, a literal, or a blank node (with
relations always being resources). See Figure 2.1 for an example of a triple. These
triples form a directed, labeled multi-graph, with the subject and object as nodes
and the relation as a labeled edge connecting them. It is a multi-graph, as multiple
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edges can connect the same nodes and directionality is important because relations
are commonly asymmetric, like fatherOf.

The node from which an edge originates is called the subject node, while the
node with the incoming edge is the object node. Note that the subject node is
sometimes also called the head and the object node is called the tail. Additionally,
relations are often referred to as predicates. However, we adhere to the convention
of calling them subject node, object node and relation to align with the tasks of
entity linking and relation extraction, where these terms are commonly used.

A resource is anything that has a unique identity. Resources can be individ-
uals, such as specific persons, plastic materials, or movies. Furthermore, ab-
stract types, such as the notion of a person, are resources, and so are relations.
Each resource is identified by a Uniform Resource Identifier (URI), which is
similar in structure to URLs. For example, in the Wikidata KG, the resource
corresponding to the former US president Barack Obama is assigned the URI
http://www.wikidata.org/entity/Q76. In the context of entity linking, when
we refer to entities, we refer to resources that are not relations and is often further
restricted to not includes types as well.

Anything without a specific identity, such as strings, numbers, dates or similar, is
denoted as a literal. For example, labels and descriptions of entities are literals,
which we will heavily rely on in the rest of the thesis. Finally, blank nodes denote
resources without actually naming them. They are used to represent more complex
statements when the actual individual or type is irrelevant. While not inherently
necessary, they are commonly employed (Hogan et al., 2014). See Figure 2.2 for
an example KG containing entities and string literals.

In contrast to labelled property graphs, no attributes are assigned to individual
nodes or edges; such information must be explicitly modeled through additional
triples.

While RDF KGs can be seen as a way to store facts, many also contain ontological
information. Ontological information governs how the facts in the KG can be
interpreted. For example, it can be modeled that the father of a father is a
grandfather. Given only (x, fatherOf,y) and (y, fatherOf, z), the ontology makes
it possible to infer (x, grandfatherof, z).

Furthermore, domain and range information can be specified as well by, for
example, defining that the relation fatherOf has always a human as the subject
and object entity. Also, it can be specified whether certain types are subtypes of
others such as human being a subtype of living being. Therefore, a taxonomy
which specifies how different types relate to each other can be modelled as well.

In RDF knowledge graphs, RDF Schema (RDFS) and the Web Ontology Language
(OWL) (Hitzler et al., 2010) serve as extensions that enable the modeling of onto-
logical information and the support of inference. We omit a deeper introduction of
RDFS, OWL or other standards that belong to the Semantic Web Stack (Berners-Lee,
2009), which describes different layers of technologies for representing, linking,
and reasoning over data on the Web.
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"Sasha Obama" rdfs:label
) (child)

wdt:P40 (child wdt:P40 (child

"Barack Obama" rdfs:label dt:P26 (spouse @ rdfs:label "Michelle Obama"

wdt:P31 (instance of) wdt:P31 (instance of)

schema:description
/ rdfs:label "Human"
wdt:P39 (position held)
"Vice President of the
wdt:P31 (instance of)

rdfs:label
rdfs:label
wd:Q11696 dt:P39 (position held wd:Q11699
wdt:P31 (instance of)
rdfs:label

wdt:P31 (instance of)
"President of the
United States"

Figure 2.2: Example of a subgraph of the Wikidata KG depicting various entities in
connection to Barack Obama. The round nodes denote specific entities while the
rectangular nodes denote literals, which specify in this example information such as
labels or descriptions of entities. The entities are marked with QIDs, which are the
identifiers of entities in the Wikidata KG. Similar, the relations are marked with PIDs.
rdfs:label and schema:description denote here the relations specifying the label and
description of entities. Prefixes such as rdf's, schema, wd, and wdt are used to shorten full
URIs. For example, wd: Q76 stands for http://www.wikidata.org/entity/Q76.

"president of the United States
from 2009 to 2017"

dt:P39 (position held) wd:Q6279

wd:Q17279032

2.2.2 Basic Components and Notation for Knowledge Graphs

This section formally defines a KG as understood and used in the following
chapters.

A KG is defined as
K=(W,R, A

with N being the set of all nodes defined as N' = € U £ which consists of entities
€ and literals £. R the set of relations and A the set of all triples. The set of
triples A consists here of subject-relation-object expressions with (x,r,y) € A
such that x,y € N andr € R.

We distinguish entities based on whether they are types T or instances of a specific
type 1. For example, a specific person called Paul is an instance. Instances are
comparable to named entities as known in the area of natural language process-
ing (Nadeau and Sekine, 2007). Paul does here belong the type human (Hogan
et al., 2021). Types are also referred to as classes or concepts. Several types and
corresponding instances may exist in a KG. Instances can belong to many different
types such as company, country, city, movie and gene, among others. Note that
this distinction is not explicitly made in RDF but only introduced in RDEFS.
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Relations denote a specific kind of relationship between two nodes. For example,
an edge between two persons could be marked with spouse signifying that both
persons are spouses. Relations can denote symmetric relationships such as a
spouse or asymmetric ones such as child.

While RDF treats relations as resources (i.e., they have URIs and can be described
just like entities), in the context of this thesis, we do not consider relations as
nodes as well. The reason is that we do not extract statements about relations, but
rather use relations to express relationsships between entities. Nevertheless, we
do make use of literals in the source KG that are associated with relations (e.g.,
labels or descriptions), just as we do for entities.

2.2.3 Different Knowledge Graphs

The entities and relations that exist in a KG depend on the underlying domain.
For example, in a biomedical KG, it is reasonable to model genes, diseases and
their interactions. At the same time, modeling information about buildings is not
of interest. In another domain, this might be different again.

Open-domain KGs such as DBpedia and Wikidata contain general information
from different domains but often lack detail (Dong et al., 2014). Also, common-
sense knowledge is often not modeled in such open-domain KGs. Statements
such as that a dog has four legs are missing. Such information is modeled in
common sense KGs (Ilievski et al., 2021). As already mentioned, there exist KGs
with very specific domains such as biomedical (Bodenreider, 2004; Chandak et al.,
2023; Wishart et al., 2018), geographical (GeoNames Team, 2025) or agricultural
KGs (Coll et al., 2022). As all those graphs reside in the RDF format and this format
allows the materialization of one of the main ideas of the Semantic Web (Lassila
et al., 2001), data as linked information, the information from different graphs can
be easily interconnected which allows reuse of existing resources.

Considering the significant role of Wikidata in this thesis, a deeper introduction
to this KG is warranted. Wikidata is a KG created by the Wikimedia Foundation
in 2012 (Vrandeci¢ and Krotzsch, 2014). It is a public KG that virtually anyone
can edit. It contains millions of entities® such as persons, organizations, locations,
fruits and movies. Furthermore, it consists of billions of triples connecting the
entities with each other. An important feature of Wikidata is qualifiers, which
can be used to provide additional information about a statement. For example, by
specifying since when two persons have been married.

Wikidata can be understood as the knowledge graph counterpart to its sister
project, Wikipedia, representing a vast repository of encyclopedic knowledge in a
structured, machine-readable form. Furthermore, Wikidata contains thousands
of types connected via subtype relationships While not a strict taxonomy due to
problems such as loops, multiple inheritance and inconsistencies in classification,
these connections provide a rich hierarchical structure that can be leveraged
further.

6. Note that in Wikidata, what we refer to as entities are called items, while relations are called
properties. Furthermore, both items and properties are part of a broader category known as entities
within the Wikidata context.
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Wikidata has been steadily increasing in size in recent years, with the number of
entities growing from approximately 92 million in 2021 to around 113 million by
2025 (Wikimedia Foundation). Similarly, the number of triples increased from 1.17
billion to 1.63 billion (Wikimedia Foundation). Furthermore, it contains numerous
crosslinks to other KGs, thereby contributing to the broader vision of the Semantic
Web.

While Wikidata is a very valuable resource, it also comes with some downsides,
such as its loose conformity to an actual ontology, a representational bias and a
certain level of noise due to its open-edit nature (Kraft and Usbeck, 2022; Santos
et al., 2024; Shenoy et al., 2022). Lastly, while Wikidata is rich in information, it
still lacks a large amount of information and is considered sparse (Abian et al.,
2022).

2.3 Neural Networks

The field of neural networks is a subfield of machine learning, which is con-
cerned with developing algorithms that enable computers to learn patterns from
data. These learned patterns can then be applied to tasks such as prediction or
clustering (Goodfellow et al., 2016, chapters 1 and 22).

2.3.1 Fundamentals
Artificial Neurons

Neural networks are one way to learn patterns from data. While modern neural
networks were initially inspired by the structure and function of brain neurons,
they process information and learn through mathematical functions that differ
fundamentally from the complex biological mechanisms of actual neural activ-
ity (Russell and Norvig, 2020, p. 801).

The central idea is to approximate complex functions by combining multiple simple,
learnable functions. A fundamental element of neural networks is an artificial
neuron, where each artificial neuron consists of a combination of linear and
nonlinear operations. The linear component of an artificial neuron is represented
mathematically as follows:

n
a= Z wix; + b.
i=0

Here, w; denotes the weight for input x;, n is the number of inputs and b denotes
the bias, which applies an offset to the linear combination. On top of that, a
non-linear activation function o is applied

y = oa(a).

The weight and bias of an artificial neuron are also denoted as the learnable
parameters. The non-linear function is necessary to learn more complex functions
than linear ones. Simply stacking linear functions would overall again be a linear
function, making it impossible to learn more complex patterns (Goodfellow et al.,
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Figure 2.3: Example for an artificial neuron consisting of five inputs x;, a bias b, the
weighted summation using weights w; and a non-linear ReLU activation function. The
activation function is applied to the output of the summation.

2016, p. 803). Common non-linear activation functions are, for example, the

standard logistic function
1

1+e™

o(x) =

or the rectified linear unit (ReLU)

o(x) = max(0, x).

See Figure 2.3 for a schematic illustration of an artificial neuron.

Neural Network Architectures

Artificial neurons can be arranged in layers where each layer consists of multiple
artificial neurons. Layers can be connected to each other where the previous
layer’s output is the next layer’s input. If there are no feedback connections
from later layers back at earlier layers, such networks are called feedforward
neural networks. In such networks, the first layer is called the input layer and
the last is the output layer. All layers in between are denoted as hidden layers
(see Figure 2.4) (Goodfellow et al., 2016, chapter 22). The input layer receives the
input features stemming from the data, which are then transformed into learned
representations by the first hidden layer.

Today, most neural networks follow a deep learning architecture, consisting
of several layers of artificial neurons. This depth allows for the extraction of
increasingly abstract and sophisticated features at each layer (Goodfellow et al.,
2016, chapters 19 and 22).

Training Neural Networks

A neural network’s parameters are optimized over a loss function, which quantifies
the difference between the actual model output and labels. In the context of
machine learning, labels refer to the target outputs or ground truth values that
a model is trained to predict, typically representing the correct answer for a
given input. The type of loss function depends on the availability of data, namely
whether actual labelled data (supervised) or no labels are available (unsupervised).

19



2.3. Neural Networks

Input Hidden Output

Figure 2.4: Three layers of fully connected artificial neurons, comprising an input layer
with m units, a hidden layer with A, units and an output layer with [ units. Each unit of
the hidden and output layer corresponds to an artificial neuron as depicted in Figure 2.3.
In contrast, the input layer units correspond to the features of the input.

Beyond the dependence on the availability of the label, the loss function also
depends on the problem at hand (Goodfellow et al., 2016, chapter 22).

Given a loss function L, the parameters of the neural network are then optimized
using gradient descent. First, backpropagation calculates the gradients of the loss
function with respect to each parameter of a neural network. These gradients
then guide the gradient descent algorithm in updating the parameters to minimize
the loss. Formally, this is defined as

0=0—n- VL)

where 0 represents the model parameters, 7 is the learning rate controlling the
impact of the gradient update and VyL£(0) denotes the gradient of the loss function
with respect to the parameters (Goodfellow et al., 2016, chapter 5). Note that in
practice, more advanced variants of gradient descent are applied.

Loss functions employed in Chapters 4 to 7 are cross-entropy, binary cross-
entropy (Goodfellow et al., 2016, chapter 4) and the HingeABL loss (Wang et al.,
2023). In the following, X stands for a (sub-)set of training data while Z is the
discrete set of all classes. Each element (x, y) € X consists of an input example x
and a label y € Z. Cross-entropy loss is here defined as

eH(X,J/)

1
Ecross(X) = _m Z IOg ~  ulxz2)

(x,y)eX ZZEZ eﬂ(X)Z)

with u(x,z) € R being a scalar score computed by the model that example x

belongs to class z. % corresponds here to applying the softmax function to
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obtain a probability distribution over all classes. Minimizing this loss encourages
the model to increase the score for the correct class relative to the others. The loss
function is appropriate when the label space Z contains more than two mutually
exclusive classes.

If only two classes exist, binary cross-entropy loss can be used:

om0 =~ 3 yloga(u(x)) + (1 — y) log(1 - o (u(x))
|X| (xy)eX

with y € {0, 1}, p(x) € R and o denoting the standard logistic function defined as
0(x) = 7;=- By minimizing this loss, the model learns to produce scores yi(x) that
are large and positive when the true label is 1, and large and negative when the
true label is 0. This loss function is a simplified form of the general cross-entropy

loss when applied to the binary classification setting.

The binary cross-entropy loss is not limited to binary classification tasks. It is
also commonly used in multi-label classification, where an instance can belong to
multiple classes simultaneously or to none. In this context, the loss is calculated
independently for each class (i.e., whether the class holds or not) and then summed
or averaged over all classes. This allows the model to learn, for each class, whether
it should be assigned to the instance or not. This is especially useful for the task
of relation extractions, as multiple relations might hold between the same pair of
entities.

The HingeABL loss (Wang et al., 2023) is also applied in the multi-label classifi-
cation setting. Its primary motivation is to address class imbalance, where some
labels occur much less frequently than others and therefore receive less attention
during training.

The loss is defined as

1 w(x, z, Py, Ny)
L0 =15 M) g (0(-d (x 2 PuNY)  (21)
|X‘ (X,P;%)GX ; ZZ/GZ W(x’ z/, Py, Nx)

where Z is the set of all class labels and

w(x, z, Py, Ny) = max (0, m — d (x, z, Py, Ny)) (2.2)

u(x,z) — sr %fz € P, (2.3)
st — p(x,z) ifz €N,

d(xa Z’ ny Nx) = {
with P, € Z and N, C Z denoting the sets of positive and negative labels for a
given example, respectively. Here, u(x,z) € R is the model score of example x
for class z, sy is a learnable threshold, m is a predefined margin constant and o is
again the logistic function.

The idea is to encourage the model to assign scores higher than the threshold
st for positive classes and scores lower than the threshold for negative classes.
The weight w(x, z) places more emphasis on examples for which the margin m
is not yet reached for a class, i.e., those that are not yet well-classified. This loss
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is beneficial for relation extraction tasks that involve many relations, including
long-tail relations.

While many considerations are involved in choosing and implementing loss
functions and optimization techniques, these detailed discussions are beyond
our current scope, but are well-documented in specialized literature (Bishop and
Nasrabadi, 2006; Goodfellow et al., 2016; Russell and Norvig, 2020).

2.3.2 Language Models

Language models aim to capture the statistical properties inherent to language
with the goal of predicting word sequences (Jurafsky and Martin, 2025). Formally,
they model the conditional probability distribution of word sequences:

n
P(WlaWZa“' ,Wn) = HP(WI | Wi, Wa, ... awi—l)
i=1

where w; is a word. The probability of the next word therefore depends on all
preceding words.

Attention Mechanism and Transformer Architecture

While language models were based on machine learning methods such as n-gram
or hidden Markov models in the past, neural networks dominate today (Bengio
et al., 2000; Jurafsky and Martin, 2025).

Especially with the development of the transformer architecture (Vaswani et al.,
2017), training large models on even larger amounts of textual data has become
feasible due to the use of the attention mechanism:

KT
Attention(Q, K, V) = Softmax <Q > \%

N

where Q € R™%, K € R™% and V € R™® are here denoted as the query, key and
value matrices with d;, dy and d, being the corresponding dimensionalities and m
and n being the number of queries as well as keys/values. Softmax is defined as

Softmax(z;) = Z{?e;{j which leads to Softmax(z;) € (0,1] and )}, Softmax(z;) =
oK™

1.0. The softmax function is applied to each row of the score matrix = effectively
k

forming a probability distribution over all keys for each query. Finally, the output
for each query is computed as a weighted average of the value vectors, where the
weights correspond to the attention scores from the softmax. This means each
query attends to all values, attending more to those values where the query and
and corresponding key is similar.

Typically, the same input is processed by multiple parallel attention mechanisms,
called heads, each of which learns to focus on different aspects of the input; this
setup is known as multi-head attention. In that case, the output of each head [ is
computed as

Attention(QW", KW, vw®).
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A head-specific projection is thus applied to the key, value and query matrices.
Attention is applied in the form of self-attention and cross-attention. In self-
attention, all inputs come from the same sequence X, ie, Q = K =V = X.
In cross-attention, Q = Y represents the target sequence, while K =V = X
corresponds to the source sequence. The attention mechanism makes efficient
parallel training possible, which was vital for the success of recent language
models.

The output of each attention head is, for example, concatenated and then usually
passed through a feed-forward neural network. This, together with regularization
methods, forms the transformer layer. There are two types of transformer layers:
encoder and decoder transformer layers. The encoder layer relies solely on self-
attention, while the decoder layer uses both self-attention and cross-attention. In
the decoder, self-attention is applied over previously generated tokens while cross-
attention allows the decoder to attend to the output representations of the encoder.
See Figure 2.5 for a depiction of an encoder layer on the left combined with a
decoder layer on the right. In today’s models, multiple such transformer layers
are stacked on top of each other to compute increasingly complex representations
of the input (Vaswani et al., 2017).

We omit further details, such as the use of positional encoding to model se-
quence order or the definition of the regularization techniques necessary to enable
generalizability of the model. We refer the reader to the original papers for a
comprehensive introduction (Ba et al., 2016; He et al., 2016; Vaswani et al., 2017).

Types of Transformer-Based Language Models

In the context of language models, the attention mechanism allows the model
to weigh the importance of each token’ relative to other tokens, enabling the
handling of long-range dependencies inherent in natural language text.

There are three different types of transformer-based language models: encoder-
only, encoder-decoder and decoder-only methods. These models are usually
pre-trained on a large amount of text data.

Encoder-only refers here to models encoding the input text to vector representa-
tions. They rely only on transformer encoder layers. Such models were mainly
pre-trained on the task of masked language modeling (MLM) and next sentence
prediction (NSP) (Devlin et al., 2019). MLM involves masking random tokens
in a sentence and training the model to predict them based on the surrounding
context and NSP trains a model to predict whether the succeeding sentence
logically follows from the previous one. Both tasks proved to enhance the model’s
understanding of language structure. The benefit was that no manually labeled
data was required to train the model; only the raw text was needed. This approach,
known as self-supervised learning, is typically used during the pre-training phase
of a model (Ericsson et al., 2022). Empirical results showed that the encodings
learned during the pre-training stage retained rich semantic and syntactic infor-
mation (Devlin et al., 2019; Jawahar et al., 2019).

7. Usually, due to the large number of words in languages, the word is split into multiple parts,
denoted as tokens. A language model works directly on the tokens in a sequence.
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Figure 2.5: Schematic of transformer encoder and decoder layers. Add & Norm denotes the
application of regularization in the form of layer normalization (Ba et al., 2016) combined
with residual connections (He et al., 2016), which add the original input to the sub-layer
output. On the left, the transformer encoder layer is shown, which performs self-attention
on the input. On the right, the transformer decoder layer is depicted, which takes the
already generated output and processes it through self-attention. This self-attention is
masked (denoted as masked multi-head attention) to ensure that only previously generated
outputs are attended to. Additionally, the decoder incorporates the encoder’s output
representations, which are processed using cross-attention. The three arrows entering the
attention modules represent the computation of query, key and value vectors. Reproduced
from (Vaswani et al., 2017).

The use of pre-trained representations for downstream tasks is known as transfer
learning (Devlin et al., 2019; Pan and Yang, 2010). Without transfer learning, a
model can either not be applied to a new task at all or will perform poorly when
the new task differs from its pre-training objective. In the context of encoder-
only models, transferring to a new task usually involves adding a small neural
network, denoted as a task-specific head, on top of the pre-trained language
model. The entire model is then trained further in a process known as fine-tuning
on downstream tasks, such as named entity recognition or sentiment analysis.
Pre-training may already lead the model to learn some notion of positive and
negative sentiment in a sentence, with further transfer learning enhancing this
capability. Commonly employed pre-trained encoder-only models are, for example,
BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019) or DistilBERT (Sanh et al.,
2019).

While encoder-only models are suitable to encode the input text for, e.g., clas-
sification tasks, other tasks like machine translation or text generation utilize
encoder-decoder (Lewis et al., 2020) or decoder-only models (Radford et al., 2018),
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Figure 2.6: This figure compares encoder-only, encoder-decoder and decoder-only trans-
former architectures. Squares represent input/output tokens; rectangles represent vector
representations. The same colors correspond to the same token or vector representation
of the token. Note that in the decoder, output tokens are colored the same as their
corresponding input tokens to indicate that each output is fed back as input at the next
time step during autoregressive generation. The dashed squares symbolize the next token
to predict in encoder-decoder and decoder-only models. The gray Head in the encoder-
only model indicates a task-specific layer (e.g., classification).

respectively. Encoder-decoder and decoder-only models are also commonly
referred to as generative models (Hagos et al., 2024). The encoder-decoder models
first encode the input text using transformer layers with self-attention, then use
the resulting representation in a separate decoder module, which combines self-
attention over already decoded tokens and cross-attention over the encoded tokens
to predict the next token. Encoder-decoder models are pre-trained according to
sequence-to-sequence objectives where the goal is to predict an output sequence
given a input sequence. Famous models in that regard are T5 (Raffel et al., 2020)
or BART (Lewis et al., 2020).

In contrast to that, decoder-only models rely on the decoder alone. Rather than
initially calculating a latent representation of the input, they treat the input as
equivalent to the output. In this approach, each token in the sequence focuses
solely on all preceding tokens and is used to generate the next token one at a
time, which is also referred to as autoregressive generation (Brown et al., 2020).
Decoder-only models are therefore trained on causal language modelling task
where the objective is to predict the next token given all previous. Conversely, in
encoder-only and encoder-decoder models, the encoder considers each token in
relation to all other tokens in the sequence input. Popular decoder-only models are,
for example, OpenAI’s GPT models or the LLaMA (Radford et al., 2018; Touvron,
Lavril, Izacard, Martinet, Lachaux, Lacroix, Roziere, Goyal, Hambro, Azhar, et al.,
2023a) models. Both encoder-decoder and decoder-only models predict output
tokens by computing a similarity (using, for example, the dot product) between
the decoder’s representation and each token embedding in a vocabulary, followed
by a softmax operation to produce probabilities. See Figure 2.6 for a comparison.

In the context of generative models, the primary architecture employed today is
the decoder-only architecture, allowing large language models (Zhao, Zhan, et al.,
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2023), containing billions of parameters, to be trained on petabytes of data (Radford
et al., 2013).

Yet, this thesis primarily utilizes encoder-only architectures because they gener-
ate rich, contextualized word embeddings that seamlessly integrate with other
forms of data representations, such as vector representations of knowledge graph
elements. Additionally, as our primary focus is closed information extraction (see
Section 2.4.5), where matching elements is more relevant than generating new
ones, encoder-only models are a good fit.

2.3.3 Knowledge Graph Embeddings

Knowledge graph embeddings (KGE) aim to assign a vector representation to
various knowledge graph elements. The fundamental assumption behind graph
embeddings is that latent, high-dimensional representations of the underlying
graph elements can be learned. These representations of nodes, edges, or (sub-
) graphs can then be utilized for graph-specific tasks such as link prediction, node
classification, or graph classification (Cao et al., 2024). As the computation of
KGEs depends on the downstream task to be solved, we will briefly introduce
these tasks.

Link prediction tries to identify, given a subject node and a relation, which other
node in the whole graph is a probable object node. For example, given the
node SashaObama and the relation grandfather, a link prediction model predicts
the missing link to BarackObamaSr. The prediction is here inferred from other
triples such as (SashaObama, father, BarackObama) and (BarackObama, father,
BarackObamaSr). While this could also be explicitly modeled with logical rules,
link prediction aims to learn implicit patterns from data.

Node classification aims to assign task-specific categories to each node, such as
identifying users’ interests in a social media network (Kipf and Welling, 2017).

Graph classification assigns categories to entire graphs and is commonly used in
the biomedical field to, for example, classify whether a chemical compound graph
is an enzyme (Gilmer et al., 2017).

In the following, we will primarily focus on KGE methods trained on the link
prediction task (Ye et al., 2022) due to their focus on relations holding between
nodes, matching our interest in the relation extraction problem.

KGE models can be categorized into transductive and inductive methods (Teru
et al., 2020). In the transductive setting, the KG remains stable; the set of nodes
and relations does not change and the overall structure of the KG does not change
significantly. Conversely, the inductive setting permits the introduction of new
elements, including new nodes, relations, or even a completely new graph.

Traditional Knowledge Graph Embedding Models

Traditional KGE models learn a fixed vector representation for each element in the
KG. One example is the TransE architecture (Bordes et al., 2013), a popular model
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for link prediction, where embeddings are learned by representing relationships
between nodes as translations in vector space, formulated as

hy+h, = h,

where s, p and o are the subject node, relation, object node, respectively (see
Figure 2.7). hy, h, and h, are here vector representations of the three elements. By

A

>

Figure 2.7: TransE: s is the vector representing the subject entity, r the vector representing
the relation and o the vector representing the object entity. The goal is to arrive at o when
adding r to s.

training this model on a graph, one strives to learn the underlying structure of the
graph. This method comes with certain problems; for example, certain relation-
ships, such as symmetric ones, can not be modeled as a simple translation, as it
cannot encompass such patterns. To solve that, several extensions were proposed,
such as DistMult (Yang et al., 2015), RotatE (Sun et al., 2019), ComplexE (Trouillon
et al., 2016), which can model more complex relationships.

Nevertheless, these graph embeddings are not as expressive in every scenario
and do not generalize to new nodes. All such knowledge graph embeddings are
transductive as they are learned over a static KG and are not adaptable to new
elements without retraining.

Graph Neural Networks

In response to such limitations, graph neural networks (GNNs) were introduced.
GNNss leverage neural networks to encode information from graph data structures,
capturing complex relationships between nodes and edges (Ye et al., 2022). While
graph neural networks exist for simple graphs, in the context of KGs, we will
focus solely on graph neural networks designed for multi-graphs. Simple graphs
are defined as graphs with at most one edge connecting any two nodes, whereas
multi-graphs allow for the possibility of multiple edges between nodes (Diestel,
2000, pp. 25-26). For example, in a knowledge graph, a person node and a company
node may be connected by multiple relationships, such as occupation, founded
and investedIn.

Note that we use the terms start node and target node in the following, which here
refer to the direction in which information flows during computation: the start
node is the source of the information and the target node is the recipient. While
this sometimes aligns with the terms subject and object node in a knowledge
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graph triple, it more broadly reflects the direction of information flow in the
computational model.

If GNNSs are applied to KGs, this is also known as KG-Representation Learning (Ye
et al., 2022). GNNs usually follow the message-passing paradigm, focusing on
iterative updates and aggregation of node information to learn dynamic repre-
sentations. We use such models in Chapter 7. This propagation relies on three
steps (Gilmer et al., 2017): calculating the message, aggregating the messages
and updating the node representation. Specifically, each node receives messages
from all its neighboring nodes. The message is computed conditioned on the
representation of the target node u, a neighboring node v and, optionally, the
relation r connecting both:

m(l) :Mt(g(l—l)’gsl—l) e(l—l)).

uu,r u > Yupr

el(f’;i) is the latent representation of the edge conditioned on the relation. g% is here
the hidden representation of a node u at a specific layer [ and M, is the message
computation function. Multiple different message computation functions exist,
such as attention-based message computation used in RGAT (Busbridge et al., 2019)
or edge-weighted messages used in RGCN (Schlichtkrull et al., 2018) methods.
The messages can be conditioned on the start node, target node or relation of the
edge. Then, the messages from all neighboring nodes are aggregated:

= Q@ i,

(w,r)eN (u)

where ) is an aggregation function, being for example a sum, mean or maximum
operation, and N (u) gives all the incoming edges to u equipped by the start
node and the relation. Finally, the aggregation is used to update each node’s
representation:

g =U(g/™.m)

u

where U is an update function. The update function can, for example, be a
summation or a linear projection. Note that the message passing commonly
traverses in the inverse direction of an actual edge in the graph as well; this is
a frequent property of message passing algorithms and enabled by introducing
inverse relations and edges into the graph. See Figure 2.8 for an illustration of
the message passing process. This process is repeated multiple times, allowing
information to propagate over n hops. Here, n hops refers to any nodes in the graph
reachable by jumping n times from an initial node. Therefore, by repeating this
process multiple times, information can propagate progressively further through
the graph, reaching nodes at increasing distances. Given the final representation,
it can be utilized for downstream tasks such as link prediction, node classification,
or similar applications.

While message passing as described above is a potent approach, it still relies on
learning the initial node representations. Consequently, it can not handle new
nodes, limiting the applicability to a transductive setting where the graph remains
static.

Conditional message passing (Zhu et al., 2021) extends the traditional paradigm by
allowing GNNs to handle unseen nodes or relationships, operating in an inductive
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(0P ot

Figure 2.8: Illustration of a single iteration of regular message passing. On the left, each
node starts with a distinct initial feature, indicated by different solid colors. After one
iteration (right), each node aggregates information from its neighbors, resulting in a
blended feature representation visualized by multicolored nodes. The color segments
represent the influence of neighboring nodes, demonstrating how message passing fuses
information across the graph.

setting.® Instead of initializing all nodes with a node representation, only a single
node is initialized. This node determines how the message passing is conditioned.
It is useful because, in the link prediction task, the goal is to predict an object node
based on the subject and relation. As the message passing process is conditioned
on this subject node, the network can focus its computation on the parts of the
graph that are most relevant to the subject. This enables the model to generate
context-aware representations, thereby improving the accuracy of object node
prediction. The initialization of the subject node is a fixed learned vector that does
not depend on the actual node, but rather on the structure of the KG.

After initialization, message passing is applied several times to compute a repre-
sentation of other nodes in the same knowledge graph. As no node representations
need to be learned, this allows such methods to generalize beyond known nodes.
Effectively, the model predicts the potential object node based on all the paths of
n-hop distance between the subject and the potential object node. See Figure 2.9
for an example of how conditional message passing works.

Finally, conditional message passing methods can even be extended to generalize
beyond known relations (Galkin et al., 2024). For a proper definition of conditional
message passing, please refer to Chapter 7 where they are employed.

8. Note that there exist regular message passing methods that work in the inductive setting as
well (Teru et al., 2020). Conditional message passing methods are, however, the currently most
powerful.
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oth Iteration 1st Tteration 2nd Iteration

Figure 2.9: Illustration of conditional message passing across three iterations. The top
and bottom show two separate propagation processes conditioned on different start nodes.
Furthermore, the colors indicate that the process is conditioned on different relations as
well. At each iteration (Oth, 1st, 2nd), newly influenced nodes are highlighted in blue
(top) or red (bottom), starting from the initial boxed node. The color-coded activations
demonstrate how message propagation in the graph is modulated by the conditioning
relation.

2.4 Knowledge Graph Population

Knowledge graph population (KGP) is a subtask of knowledge graph construction
whichs objective is to create a full knowledge graph from scratch. It consists of two
steps, ontology construction and the aforementioned knowledge graph population.
While ontology construction is concerned with creating an ontology — defining
all the entity types, relations — to describe the underlying domain, knowledge
graph population actually aims to populate an existing knowledge graph using
data (Heist, 2024).

In our context, we focus on natural language text as the data source. A more
general task is information extraction or knowledge extraction, where the goal
may include but is not limited to populating a knowledge graph with the extracted
information (Ji and Grishman, 2011). Note that KGP is sometimes called knowledge
base population as well.

Effective KGP requires solving several subproblems, including named entity recog-
nition, entity linking, entity typing and relation extraction (Heist, 2024). When
named entity recognition, entity linking and relation extraction are combined to
extract triples, with each element linked to a KG entity or relation, it is referred
to as closed information extraction as well (Cao et al., 2021), a special type of
information extraction. In the following sections, we will introduce named entity
recognition, entity linking and relation extraction. While entity typing, the task
of assigning a type to an entity given data, is an important part of KGP as well,
we do not focus on it throughout the rest of the thesis and therefore omit it.
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Named
Entity
Recogntion
President Obama was President Obama was
born in Hawaii and born in Hawaii and
served two terms in served two terms in
office. office.
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Generation

Barack Obama Barack Obama Obama
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President President origin surname
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Figure 2.10: The entity linking process, illustrating the three main stages: named entity
recognition, candidate generation and candidate ranking. For clarity, only one recognized
entity is shown in the named entity recognition step. Additional entities, such as Hawaii,
could also be extracted.

2.4.1 Named Entity Recognition

Named entity recognition (NER) is the task of identifying the spans of named
entities in text, also denoted as entity mentions. Typically, named entity recognition
also involves classifying the entity type. Commonly, only the four entity types
person, location, organisation and misc are classified, but more entity types
are possible as well.

Named entities are entities that correspond to specific individuals. For example, a
successful NER system should extract Volkswagen and Europe from the sentence
The car manufacturer Volkswagen is one of the largest in Europe, but not the noun
car manufacturer. Additionally, the entity type location would be assigned to
Europe while Volkswagen would get assigned organisation.

Named entity recognition is usually solved as a sequence tagging task where each
token in the sentence is either tagged as the beginning, inside or outside of a
named entity (Nasar et al., 2022) by both using non-generative and generative
models (Keraghel et al., 2024).

2.4.2 Entity Linking

Entity linking (EL) is the task of linking entities in the text to the corresponding
entities in a KG. When referring to EL, some works include the task of NER as
well, which is then referred to as End-to-End EL (Sevgili et al., 2019). NER is
then also often denoted mention detection (MD) and assigning the entity type
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is excluded. In this thesis, in Chapter 4 we assume that the entity mentions are
already identified, while in Chapter 6, we train a NER model to identify the entity
mentions as well.

If the entity spans are identified, the next step is entity disambiguation (ED),
which identifies the actual entity in the KG that is referred to. More formally,
we assume that there is a set of entities £ available in the KG, each equipped
with some information about them, such as label information, a description,
or connections to other entities in the KG. The goal of entity linking is now
given an input text ¢, to identify a set of tuples in the input text denoted as
{(s1,€1),(s2,€2), .. s (Sis €), .. (Su—1, €1—1)s  (Sn» €n)} Where e; € E and s; denoting a span
in the given text t.

Furthermore, the entity disambiguation step is usually split into two parts, entity
candidate generation and candidate ranking. This is necessary as a KG can consist
of millions or even billions of different entities and comparing against all of them
in one step is usually unfeasible. Figure 2.10 visualizes the pipeline of entity
linking with an example.

Candidate Generation

There are multiple ways to do candidate generation. One approach is string-based
matching using the available labels in the KG (Logeswaran et al., 2019). Usually,
this means splitting the labels into multiple n-grams on a character-level. For
example, the label Berlin can be split into the following character-level 3-grams:
Ber, erl, rli and lin. These 3-grams are then used to match parts of the input
text for candidate generation. This is usually done using methods like TF-IDF,
which are calculated as the product of term frequency (how often a term appears
in a label) and inverse document frequency (a measure of how rare the term is
across all labels), helping to weight important terms higher while downplaying
common ones (Leskovec et al., 2014, chapter 1).

In contrast, a second approach leverages frequency-based lookup tables. These
are created from a large number of already labelled documents to estimate, for
each potential entity mention, the probability that it corresponds to a specific
entity in a knowledge graph. For example, if Obama is mentioned, the former US
president Barack Obama will be returned with the highest likelihood instead of
less popular entities like Obama County, because the lookup table shows how often
the mention is linked to each possible entity based on past labeled documents.
And there are, of course, more documents mentioning Obama that are referring
to Barack Obama. All Wikipedia articles are commonly used for creating such a
lookup table (Hoffart et al., 2014).

Finally, semantic retrieval methods can be employed, for example, by using a
bi-encoder. A bi-encoder applies an encoder-only model to an entity mention and
each candidate entity from the KG. The model is fine-tuned to map each input to
a vector, with the goal that the entity mention’s vector is similar to the correct
candidate’s vector. Similarity is usually measured by the dot product between
the vectors or their cosine similarity, which is the dot product of the normalized
vectors (see Figure 2.11). Usually, vector indexes are employed to efficiently find
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Michelle Obama — Michelle Obama is an American
author and attorney who served as First Lady of the ———
United States from 2009 to 2017.

Barack Obama — Barack Obama is an American
politician who served as the 44th President of the United
States from 2009 to 2017. He was awarded the Nobel
Peace Prize in 2009.

Encoder

In 2010, Obama launched the "Let's Move!" initiative to
combat childhood obesity and promote healthier lifestyles
for children across the United States.

e
T

In 2010, as First Lady, Obama launched the "Let's Move!"
initiative to fight childhood obesity.

Figure 2.11: Applying entity linking examples to a bi-encoder. The red, yellow and purple
blocks represent candidate descriptions, while the blue and green blocks represent the
input examples with the marked entity mentions Obama, which need to be linked. The
bi-encoder generates a vector for each input, aiming for the correct candidate’s vector to
be near the entity mention. It is shown that the vectors of the input examples are closer
to the vectors of the correct candidates.

the closest entities to a given mention (Sevgili et al., 2019; Wu, Petroni, et al., 2020),
which are then used as the candidate set.

Candidate Ranking

In the candidate ranking stage, all the candidates in the candidate set C are then
ranked using more elaborate models to identify the highest-ranked entity, which
is then determined as the linked entity. The candidate ranking is applied as
only applying the previous candidate generation step usually leads to an inferior
performance (Wu, Petroni, et al., 2020). Candidate ranking can be performed via a
cross-encoder (Wu, Petroni, et al., 2020) which concatenates the entity mention
text and the candidate text and feeds the combined input into an encoder-only
model. This setup allows the model to jointly attend to both the mention and the
candidate, enabling it to capture fine-grained interactions and context-dependent
relevance signals better (see Figure 2.12). A cross-encoder outputs a single score for
each concatenation. As the term hints at, a cross-encoder relies on an encoder-only
model.

Similar to a cross-encoder, a generative model can also be employed during the
entity ranking step. In this approach, the entity mention is concatenated with
all candidate entities retrieved during candidate generation into a single input
sequence. This sequence is then passed to a generative model, which is trained to
produce the identifier of the most relevant candidate (Zhou et al., 2024).

33



2.4. Knowledge Graph Population

In 2009, Obama was awarded the Nobel Peace Prize for
his efforts to strengthen international diplomacy.
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Figure 2.12: Using the same entity linking examples from Figure 2.11, we illustrate
their application in a cross-encoder setup. The red, yellow and purple blocks represent
concatenations of input examples with their respective candidate descriptions. These
concatenated pairs form the inputs to the cross-encoder, which computes a relevance score
for each. Notably, the cross-encoder must be applied six times, whereas the bi-encoder
in Fig. 2.11 is applied only five times. As the number of reused candidates increases, the
bi-encoder becomes significantly more efficient than the cross-encoder.

Alternatively, generative models can be trained to perform entity linking without
an explicit candidate generation step. It involves generating entity identifiers,
typically human-readable labels, such as Barack Obama, directly while restricting
the output word distribution to only those identifiers of existing entities using
constrained decoding (Cao et al., 2021). Constrained decoding restricts a model’s
output, ensuring that it only generates tokens or sequences that satisfy specific
predefined rules or constraints, such as the set of entity identifiers. The model
is trained to encode contextual information of all possible entities within its
parameters (Cao et al.,, 2021). However, this makes it necessary to repeatedly
retrain the model as today’s KGs are still increasing rapidly in size (Foundation,
2025) and new entities are created every day.

Entity candidates are typically represented by combining the entity label with
a description of the entity, as depicted in Figure 2.11. When performing entity
linking with Wikidata, due to its close association with Wikipedia, a common
method is also to use the first paragraphs of a Wikipedia article as the description
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of the entity (Ayoola et al., 2022). While Wikidata also includes a description,
the opening paragraphs of Wikipedia typically provide a more comprehensive
overview of a person.

Out-of-KG Entities

Detecting out-of-KG entities, also denoted NIL entities (Heist, 2024), is typically
done by applying a threshold to the scores produced by the entity disambgiuation
stage. If no candidate surpasses this threshold, the entity is identified as an out-of-
KG entity.

In the context of entity linking, when multiple out-of-KG entities need to be linked
together, clustering methods are commonly applied to group similar entities (Agar-
wal et al., 2022; Heist and Paulheim, 2023; Kassner et al., 2022). Clustering, in
this setting, refers to the task of assigning elements to clusters based on a defined
similarity measure, allowing the aggregation of related entity mentions. Similarity
is usually calculated using a bi-encoder or a cross-encoder.

In Chapter 4, we employ the popular DBSCAN clustering algorithm due to its
ability to discover clusters of arbitrary shapes (Ester et al., 1996). DBSCAN clusters
based on two parameters: a neighborhood radius € and a minimum number of
points w. It classifies points as core points if they have at least w neighbors within
the e-radius and border points if they are within e-distance of a core point but do
not meet the core point criterion themselves. Furthermore, any points that do not
belong to any cluster are declared noise points. Points stand in the context of entity
linking for the vector representations of entity mentions. By connecting core
points and including their reachable border points, DBSCAN forms clusters. This
approach makes DBSCAN particularly suitable for entity linking scenarios where
the number of clusters is unknown, as the number of entities to be encountered is
not predetermined.

2.4.3 Relation Extraction

Relation extraction focuses on the problem of identifying the relations expressed
between two entities (see Figure 2.13). The usual assumption is that all the entity
mentions are already marked via their spans S = {sj, ..., s,} in the text t. The goal
is to determine whether and which relations hold between identified entity pairs.
Therefore, a function is learned

r:SxS+— P(R)

where P(R) is the power set of all relations. The function maps each pair of spans
to a subset of all relations, including the empty set (Nasar et al., 2022).

In contrast to entity linking, relation extraction typically does not include a
candidate retrieval step. This is because the set of possible relations is usually much
smaller than the set of entities in entity linking. As a result, relation extraction
can be performed by considering all possible relations directly.

There are different variants of relation extraction, such as sentence-level rela-
tion extraction, document-wide relation extraction, or cross-document relation
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educatedAt

Michael Jordan studied psychology at Louisiana State University with a bachelor's
degree magna cum laude in 1978 and mathematics at Arizona State University with a
master's degree in statistics in 1980. He received his doctorate in cognitive science from the

University of California, San Diego under David Rumelhart in 1985.

N

locatedin

doctoralSupervisor

Figure 2.13: The figure illustrates how expressed relations, such as educatedAt, phdAt,
doctoralSupervisor and locatedIn, that hold between the given entities, are extracted from
unstructured data text.

extraction (Zhao et al., 2024). As indicated by the names, the number of and the
distance between entity mentions differ between the subtasks. Document-wide
relation extraction considers relations spanning an entire document, whereas
sentence-level extraction focuses on single sentences. For example, consider the
following texts:

Sentence-Level Example

Barack Obama was born in Honolulu, Hawaii.

Document-Level Example

Apple Inc. is headquartered in Cupertino, California. Tim Cook has been

the CEO since 2011. Under his leadership, the company has launched
several new products.

While a single sentence is enough to extract the relation birthplace holding
between Barack Obama and Honolulu, multiple sentences need to be considered
to identify that Tim Cook is the ceoOf Apple Inc..

Cross-document relation extraction extends beyond single documents and focuses
on relations that are only apparent when multiple documents are considered
jointly (Yao et al., 2021; Zhao et al., 2024).

Furthermore, few-shot (Gao et al., 2019) and zero-shot relation extraction (Chen
and Li, 2021) exist as well, where either only a few or even no examples are
available for encountered relations. The objective is, therefore, to generalize to
entirely new relations with only limited available data.
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Barack Obama is married to Michelle Obama, and they have a daughter
named Sasha. During his presidency, Barack worked closely with Vice
President Joe Biden. In the 2024 presidential election, Kamala Harris ran as a
candidate, aiming to succeed Biden.

g
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Obama Obama
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presidential
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candidate
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Joe Biden aiming to succeed

worked as worked as

Vice

gt President

Figure 2.14: Open Information Extraction: Given the input document, the full knowledge
graph is created. Notice that the relation and entity labels in the KG correspond more
closely to the actual terms mentioned in the text. This is in contrast to closed information
extraction, where the elements are linked to actual existing ones in a KG.

2.4.4 Open Information Extraction

Open information extraction involves extracting triples from text without relying
on pre-defined identifiers’ dedicated to entities or relations (Zhou et al., 2022). For
example, a sentence such as Barack is married to Michelle Obama would be trans-
formed into a triple of form (Barack,married to,Michelle Obama). Matching
the actual triple elements to the entities and relations in the KG is not necessary.
Only the words in the sentence matter.

Open information extraction is solved in two different ways. First, it is done by
identifying the spans of the subject noun and object noun using NER and then
detecting the span of the verb that expresses the relation between the two entities.

9. Also called Uniform Resource Identifiers (URIs) in RDF KGs.
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The problem with this approach is that it only works if the relation is explicitly
stated in the sentence. For example, the sentence Bob has not lived in any other
country than Germany implicitly states that Bob’s birthplace is Germany.

Malia graduated from Harvard in 2021 and began working as a writer on the
Amazon Prime Video television series Swarm.

"Malia Obama"
rdfs:label
wdt:P69 (educated at)
wd:Q4740856) - wdt:P449 wd:Q116788716 |«€ -wdt:P50 (author) - - {wd:Q15070044
(original broadcaster)

rdfs:label

dfs:label wdt:P40 (child
"Amazon Prime
Video"
"Barack Obama" rdfs:label dt:P26 (spouse;

rdfs:label

"Michelle Obama"

rdfs:label

"Harvard University"

Figure 2.15: Closed Information Extraction: Solid edges correspond to already existing
triples in the knowledge graph, while dotted edges denote the newly added triples from
the input text. Furthermore, notice that in contrast to open information we extraction, we
add the triples between existing entities using already defined reltions. The same prefixes
as in Figure 2.2 are used.

Second, generative open information extraction approaches take in the input
sentence and output triples directly. As they are generative, they do not rely on
the existence of actual verbs (or nouns) describing the triple. This generative
approach is particularly beneficial for identifying implicit relations that are not
directly stated in text, such as inferred relationships. While open information
extraction methods generalize very well to new domains, they usually do not
focus on the problem of resolving ambiguous relations or entities over multiple
input texts (Niklaus et al., 2018; Zhou et al., 2022). Nevertheless, open information
extraction can be a preprocessing step to the task of closed information extraction.
See Figure 2.14 for an example that builds a graph based on the input text.

2.4.5 Closed Information Extraction

In contrast to open information extraction, closed information extraction as-
sumes that a set of entities and relations exists for which we want to extract
triples (Josifoski et al., 2022). For example, entities and relations that are already
part of an underlying KG. Entity linking and relation extraction are part of closed
information extraction. Nevertheless, both can also be seen as part of open
information extraction, especially if new relations or entities in the text that do
not yet exist in the KG need to be extracted. See Figure 2.15 for an example.
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2. Theoretical Background

Closed information extraction is necessary because being able to extract informa-
tion that aligns with the relations or entities in the KG is essential to populate an
existing KG with new information from unstructured data.

While we primarily focus on the task of closed information extraction in Chapters 5
to 7, the emphasis on out-of-KG entities in Chapter 4 shifts our attention toward
open information extraction as well.
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Abstract

Wikidata is an always up-to-date, community-driven, and multilingual knowledge
graph. Hence, Wikidata is an attractive basis for Entity Linking, which is evident
by the recent increase in published papers. This survey focuses on four subjects:
(1) How do current Entity Linking approaches exploit the specific characteristics
of Wikidata? (2) Which unexploited Wikidata characteristics are worth to consider
for the Entity Linking task? (3) Which Wikidata Entity Linking datasets exist, how
widely used are they and how are they constructed? (4) Do the characteristics of
Wikidata matter for the design of Entity Linking datasets and if so, how?

Our survey reveals that most Entity Linking approaches use Wikidata in the same
way as any other knowledge graph missing the chance to leverage Wikidata-
specific characteristics to increase quality. Almost all approaches employ specific
properties like labels and sometimes descriptions but ignore characteristics like the
hyper-relational structure. Thus, there is still room for improvement, for example,
by including hyper-relational graph embeddings or type information. Many
approaches also include information from Wikipedia which is easily combinable
with Wikidata and provides valuable textual information which is Wikidata

lacking.

41


http://dx.doi.org/10.3233/SW-212865
http://dx.doi.org/10.3233/SW-212865

3.1. Introduction

The current Wikidata-specific Entity Linking datasets do not differ in their annota-
tion scheme from schemes for other knowledge graphs like DBpedia. The potential
for multilingual and time-dependent datasets, naturally suited for Wikidata, is not

lifted.

3.1 Introduction

3.1.1 Motivation

Entity Linking (EL) is the task of connecting already marked mentions in an
utterance to their corresponding entities in a knowledge base, see Figure 3.1.

There are multiple knowledge bases such as DBpedia (Lehmann et al., 2015),
Freebase (Bollacker et al., 2008), Yago4 (Tanon et al., 2020) or Wikidata (Vrandecic
and Krotzsch, 2014). In contrast to DBpedia, Yago4, or Freebase, which mostly
extract information from existing sources, Wikidata is a curated, community-
based Knowledge Graph (KG). That is, the elements are added and edited by
the community. The number of active editors is continuously increasing, see
Figure 3.2. This allows Wikidata to stay up-to-date while automatically, one-time
generated KGs such as Yago4 or Freebase become outdated over time (Ringler
and Paulheim, 2017). Note, DBpedia stays also up-to-date but has a delay of
a month." DBpedia Live (DBpedia) exists, which is consistently updated with
Wikipedia information. But it is more challenging to work with as no full dump is
provided. Furthermore, the DBpedia ontology is not continuously updated, for
example, with new emerging classes. The addition of new classes only comes with
an update of the mapping-based extraction. On the other hand, new classes in
Wikidata can be added continuously by the community. Furthermore, Wikidata
is an inherently multilingual knowledge base. Both of these factors attract novel
EL research over Wikidata in recent years cf. Figure 3.3. While Wikidata has
its advantages regarding EL, exploiting those, for example in the form of hyper-
relational structure (see Figure 3.4 for an example graph), is also challenging.

Primarily, this survey strives to expose the benefits and associated challenges
stemming from the effective use of Wikidata as the target KG for EL. Additionally,
the survey provides a concise overview of existing approaches, which is essential
to (1) avoid duplicated research in the future and (2) enable a smoother entry into
the field of Wikidata EL. Similarly, dataset landscape is structured, which helps
researchers finding the correct dataset for their EL problem.

The focus of this survey lies on EL approaches, which operate on already marked
mentions of entities, as the task of Entity Recognition (ER) is much less dependent
on the characteristics of a KG. However, due to the only recent uptake of research
on EL on Wikidata there is only a low number of EL-only publications. To broaden
the survey’s scope, we also consider methods that include the task of ER. We do
not restrict ourselves to either rule-, statistical- or deep learning-based algorithms
on Wikidata. This survey limits itself to the English language as it is the most
dominant language in EL, and thus a better comparison of the approaches and

10. https://release-dashboard.dbpedia.org/
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Figure 3.1: Entity Linking - Mentions in text are linked to the corresponding entities
(color-coded) in a knowledge base (here: Wikidata).
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Figure 3.2: Active editors in Wikidata (Wikimedia Foundation, 2020b).

datasets is possible. Nevertheless, the topic of multilingualism is still of relevance
in the analyses and discussions, as it is an essential characteristic of Wikidata.
Since all multilingual Entity Linkers found also target English, none were excluded.
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Figure 3.3: Publishing years of included Wikidata EL papers.

3.1.2 Research Questions and Contributions

EL approaches use many different kinds of information like labels, popularity
measures, graph structure, and more. This multitude of possible signals raises the
question of how the characteristics of Wikidata are used by the current state of
the art of EL over Wikidata. Thus, the first research question is:

RQ 1: How do current Entity Linking approaches exploit the specific
characteristics of Wikidata?

In particular, which Wikidata-specific characteristics contribute to the solution?
We answer this question by gathering all existing approaches working on Wikidata
systematically (see Section 2) and analyzing them. The focus lies mainly on the
usage of Wikidata’s graph characteristics.

Secondly, we identify what kind of characteristics of Wikidata are of importance
for EL but are insufficiently considered. This raises the second research question:

RQ 2: Which unexploited Wikidata characteristics are are worth to
consider for the Entity Linking task?

We tackle this question by giving an overview of the structure of Wikidata and
the amount of information it contains, and then discussing the potential and
challenges for EL.

Furthermore, we want to give an overview of which datasets for EL over Wikidata
exist. Lastly, it is of interest if it is essential that datasets are designed with
Wikidata in mind and if so, in what way? Thus, we post the following two
research questions:

RQ 3: Which Wikidata EL datasets exist, how widely used are they
and how are they constructed?
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Figure 3.4: Wikidata subgraph - Dashed rectangle represents a claim with attached
qualifiers.

RQ 4: Do the characteristics of Wikidata matter for the design of EL
datasets and if so, how?

To answer those two last research questions, all current Wikidata-specific EL
datasets are gathered and analyzed with the research questions in mind. Further-
more, we discuss how the characteristics of Wikidata might affect the design of
datasets.

This survey makes the following contributions:
+ A concise list of future research avenues.

« A list and comparison of datasets focusing on Wikidata.

An analysis of current evaluation results.

+ A discussion of the relevance of Wikidata for Entity Linking.
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3.2 Survey Methodology

There are several different types of surveys which desire to accomplish different
contributions to the research field (Kitchenham, 2004):

1. Providing an overview of the current prominent areas of research in a field
2. Identification of open problems

3. Providing a novel approach tackling the extracted open problems (in combi-
nation with the identification of open problems)

Our related work section analyses different recent and older surveys on EL and
highlights specific areas not covered and our survey’s novelties. While some
very recent surveys exist, they do not consider the different underlying Knowl-
edge Graphs as a significant factor affecting the performance of EL approaches.
Furthermore, barely any approaches included in other surveys are working on
Wikidata and take the particular characteristics of Wikidata into account. To fill
in the gaps, our survey gives an overview and examines all current EL approaches
and datasets, focusing on Wikidata. Additionally, we identify less-utilized but
promising characteristics of Wikidata regarding EL. Therefore, this survey provides
contributions 2 and 3.

Until December 18, 2020, we continuously searched for existing and newly released
scientific work suitable for the survey. Note, this survey includes only scientific
articles that were accessible to the authors.!!

3.2.1 Approaches

This survey’s qualifying and disqualifying criteria for including papers can be
found in Table 3.1. "Semi-structured" in this table means that the entity mentions
do not occur in natural language utterances but more structured formats such
as tables. The different approaches were searched for by using multiple different
search engines (see Table 3.3).

Table 3.1: Qualifying and disqualifying criteria for approaches.

Criteria
Must satisfy all Must not satisfy any
« Approaches that consider the « Approaches conducting Semi-
problem of unstructured EL structured EL
over Knowledge Graphs + Approaches not doing EL in the
« Approaches where the target English language

Knowledge Graph is Wikidata

To gather a wide choice of approaches the following filters were applied. Any
approach where Wikidata was not occurring once in the full text was not con-

11. https://www.projekt-deal. de/max-planck-gesellschaft-verzichtet-ab-2019-auf-elsevier/
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sidered. Entity Linking or Entity Disambiguation had to occur in the title
of the paper. The publishing year was not a criterion due to the small number
of valid papers and the relatively recent existence of Wikidata. The systematic
search process resulted in 150 papers and theses (including duplicates).

Following this search, the resulting papers were filtered again using the qualifying
and disqualifying criteria. This resulted in 16 papers and one master thesis in the
end.

The search resulted in papers in the period from 2018 to 2020. While there exist EL
approaches from 2016 (Almeida et al., 2016; Spitz et al., 2016) working on Wikidata,
they did not qualify according to the criteria above.

3.2.2 Datasets

The dataset search was conducted in two ways. First, a search for potential datasets
was performed using multiple search engines, see Table 3.3. Second, the datasets
on which the approaches were evaluated were considered. The criteria for the
inclusion of a dataset can be found in Table 3.2.

We scanned the dataset papers in the following way. First, in the title, Entity
Linking or Entity Disambiguation had to occur once. Due to those keywords,
other datasets suitable for EL but constructed for a different purpose like KG
population were not included. Additionally, dataset must occur in the title
and Wikidata has to appear at least once in the full text. This resulted in 20

Table 3.2: Qualifying and disqualifying criteria for the dataset search.

Criteria
Must satisfy all Must not satisfy any
« Datasets that are designed for « Datasets without English utter-
EL or are used for evaluation of ances

Wikidata EL
« Datasets must include Wikidata
identifiers from the start

Table 3.3: Search engines.

Search Engines

« Google Scholar

« Springer Link

+ Science Direct

« IEEE Xplore Digital Library
« ACM Digital Library
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papers (including duplicates). Of those, only two included Wikidata identifiers
and focused on English.

Eighteen datasets are accompanying the different approaches. Many of those did
not include Wikidata identifiers from the start. This makes them less optimal
for the examination of the influence of Wikidata on the design of datasets. They
are included in the section about the approaches but not in the section about the
Wikidata datasets.

After removal of duplicates, 11 Wikidata datasets are included in the end.

3.3 Problem Definition

EL is the task of linking an entity mention in unstructured or semi-structured data
to the correct entity in a KG. The focus of this survey lies in unstructured data,
namely natural language utterances.

An utterance is defined as a sequence of n words.

s = (Wo, Wi, ..Wy_1)

Since not only approaches that solely do EL were included in the survey, Entity
Recognition will also be defined.

There exists no universally agreed on definition of an entity. In general, named
entities like a specific person or an organization are desirable to link. But some-
times, also common entities, such as interview or theater, are included. What
exactly needs to be linked, depends on the use case (Rosales-Méndez et al., 2020).

Entity Recognition. ER is the task of identifying the spans
Wi s w0 <i<k<n-1

of all entities in an utterance u. Each such a span is called an entity mention m.
The word or word sequence referring to an entity is also known as the surface
form of the entity. An utterance can contain more than one entity, often also
consisting of more than one word. Sometimes, also some broad type of an entity is
classified too. Normally, those are person, location and organization. Some of
the considered approaches do this classification task and also use it to improve the
EL. It is also up to debate what an entity mention is. In general, a literal reference
to an entity is considered a mention. But whether to include pronouns or how to
handle overlapping mentions depends on the use-case.

Entity Linking. EL is the task of linking the recognized entity mention to the
correct entity in a KG. A KG is defined as a directed graph G = (V, E, R) consisting
of vertices V, edges E and relations R. Often, vertices correspond to entities £ or
literals £, which are concrete values like the height or a name. E is a list (e, ..., €,)
of edges with e; € V x R x V where relations R specify a certain meaning for the
connection between entities. Such edges are also called triples. But there exists
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no single definition of a KG; vertices and edges can also be defined differently. A
concrete definition of the Wikidata KG is provided in the next section.

In general, EL takes the utterance u and all identified entity mentions M =
(my, ...m,) in the utterance and links each of them to an element of the set (€ U
{unknown}). The unknown element is added to the set of vertices to be able to map
to an unknown entity that is not available in the KG. Such an entity is also called
a NIL or an emerging entity (Hoffart et al., 2014).

The goal of EL is to find a mapping function that maps all found mentions to the
correct KG entities and also to identify if an entity mention does not exist in the
KG.

EL is often split into two subtasks. First, potential candidates for an entity are
retrieved from a KG. This is necessary as doing EL over the whole set of entities is
often intractable. Candidate generation is usually performed via efficient metrics
measuring the similarities between entities in the utterance and entities in the KG.
The result is a set of candidates C = {c,, -, ¢;} for each entity mention m in the
utterance.

After limiting the space of possible entities, one of the available candidates is
chosen for each entity. This is done via a candidate ranking algorithm, which
assigns a rank to each candidate, signalizing how likely it is the correct one.

ranklocal :CxM—->R

given by (C, m) = ranklocal(cs m)

where rank,, is a ranking function of a candidate. The goal is then to optimize
the objective function:

n
A" = arg max Z ranki,ca(a;, my)la; € C;
A i=1

where A = {ay,...,a,} € P(E) is an assignment of one candidate to each entity
mention m;. P(x) is the power set operator.

The rank calculation of the candidates of one entity is often not independent of
the other entities’ candidates. In this case, another global ranking function will
include the whole assignment:

rankgopa * P(E) — R given by A = rankgopa(A)

The objective function is then:

A" = arg max
A

n
Z rank;ocq(a;, mi)]
i1

+ rankgiopa(A) | a; € C;

Those two different categories of reranking methods are called local or global (Rati-
nov et al., 2011).
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There exists also some ambiguity in the object of linking itself. For example, there
exists an Wikidata entity 2014 FIFA World Cup and an entity FIFA World Cup.
There is no unanimous solution on how to link the entity mention in the utterance
In 2014, Germany won the FIFA World Cup.

Sometimes EL is also called Entity Disambiguation, which we see more as part of
EL, namely where entities are disambiguated via the candidate ranking.

3.4 Wikidata

Wikidata is a community-driven knowledge graph edited by humans and machines.
As of July 2020, it contained around 87 million items of structured data about
various domains. Seventy-three million items can be interpreted as entities due
to the existence of a is_instance property. As a comparison, DBpedia contains
around 5 million entities (Tanon et al., 2020). Note that the is_instance property
includes a much broader scope of entities than the ones interpreted as entities for
DBpedia. However, Wikidata contains around 8.5 million persons while DBpedia
only contains around 1.8 million (in October 2020). Thus, a large difference in size
is obvious.

Table 3.4: KG statistics by (Tanon et al., 2020).

KG #Entities in million #Labels/Aliases in million  last updated
Wikidata 78 442 always
DBpedia 5 22 monthly
Yago4 67 371 November 2019

3.4.1 Definition

Wikidata is a collection of entities where each such an entity has a page on Wikidata.
An entity can be either an item or a property. Note that an entity in the sense of
Wikidata is generally not the same as an entity one links to via EL. For example,
Wikidata entities are also properties which describe relations between different
items. Linking to such relations is closer to Relation Extraction (Bastos et al., 2021;
Lin et al., 2017; Sorokin and Gurevych, 2017). Furthermore, many of the items are
more abstract classes, which are usually also not considered as entities linked-to
in EL. Note that if not mentioned otherwise, if we speak about entities, entities in
the context of EL are meant.

Item. Topics, classes, or objects are defined as items. An example of an item can
be found in Figure 3.5. An item is enriched with more information using statements
about the item itself. In general, items consist of one label, one description,

and aliases in different languages. An unique and language-agnostic identifier
identifies items in the form Q[0-97+.

For example, the item with the identifier Q23848 has the label Ennio Morricone,
two aliases, Dan SavioandLeo Nichols,and Italian composer, orchestrator
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and conductor

(1928-2020) as description at the point of writing. The corresponding Wikidata
page can also be seen in Figure 3.5.

Ennio Morricone (Q23s4s)

Italian composer, orchestrator and conductor & edit

Dan Savio | Leo Nichols

~ In more languages
Configure

Language Label Description Also known as
English Ennio Morricone Italian composer, orchestrator and Dan Savio
conductor Leo Nichols
German Ennio Morricone italienischer Komponist und Dirigent Dan Savio
(1928-2020) Leo Nichols
French Ennio Morricone compositeur, musicien, producteur et chef

d'orchestre italien

Bavarian

All entered languages

Statements

instance of e human 2 edit

» 2 references

+ add value
part of ® The Ennio Morricone Orchestra 2 edit
» 1 reference
+ add value

Figure 3.5: Example of an item in Wikidata

Not all items are entities in the context of EL. In general, items which are unique
instances of some class are interpreted as entities. Of course, this also depends on
the use case.

Property. A property specifies a relation between items/literals. Each property
also has an identifier similar to an item, specified by P[0 — 9] *. For instance,
a property P19 specifies the place of birth Rome for Ennio Morricone. In NLP,
the term relation is commonly used to refer to a certain connection between
entities. A property in the sense of Wikidata is a type of relation. To not break
with the terminology used in the examined papers, when we talk about relations,
we always mean Wikidata properties if not mentioned otherwise.

Statement. A statement introduces information by giving structure to the data
in the graph. It is specified by a claim, and references, qualifiers and ranks related
to the claim. Statements are assigned to items in Wikidata. A claim is defined as a
pair of a property and some value. A value can be another item or some literal.
Multiple values are possible for a property. Even an unknown value and a no
value exists.
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References point to sources making the claims inside the statements verifiable. In
general, they consist of the source and date of retrieval of the claim. Qualifiers
define the value of a claim further by contextual information. For example, a
qualifier could specify how long one person was the spouse of another person.
Ranks are used if multiple values are valid in a statement. If the population of a
country is specified in a statement, it might be also useful to have the populations
of past years available. The most up-to-date population information usually has
then the highest rank and is thus usually the most desirable claim to use.

Statements can be also seen in Figure 3.5 at the bottom. For example, it is defined
that Ennio Morriconeisan instance of the class human. This is also an example
for the different types of items. While Ennio Morricone is an entity in our sense,
human is a class.

Hyper-Relational Graphs. Wikidata can thus be defined as a hyper-relational
knowledge graph as statements can be specified by more information than a
single claim. Multiple properties/relations are therefore part of a statement. In
case of a hyper-relational graph G = (V,E,R), E is a list (ey, ..., e,) of edges with
e €E VxR xVxPRxV)forl < j< n, where P denotes the power set. A
hyper-relational fact e; € E is usually written as a tuple (s,7,0,Q), where Q is
the set of qualifier pairs {(qr;, qu;)} with qualifier relations qr; € R and qualifier
values qu; € V. (s,r,0) is referred to as the main triple of the fact. We use the
notation Q; to denote the qualifier pairs of e; (Galkin et al., 2020). For example,
under this representation scheme, the nominated for edge in Fig. 3.4 has two
additional claims and would be represented as (Ennio Morricone, nominated
for, Academy Award for Best Original Score, (for work, The Hateful
Eight), (statement is subject of, 88th Acade-my Awards)) Structures
similar to qualifiers exist also in some other knowledge graphs, such as the inactive
Freebase in the form of Compound Value Types (Bollacker et al., 2008).

Other structural elements. The aforementioned elements are essential for Wiki-
data but more do exist. For example, there are entities (in the sense of Wikidata)
corresponding to Lexemes, Forms, Senses or Schemas. Yet, as those are in general
not of relevance for EL, we refrain from introducing them in more detail.

For more information on Wikidata, see the paper by Denny Vrandeci¢ and Markus
Kroétzsch (Vrandeci¢ and Krotzsch, 2014).

3.4.2 Discussion

Novelties. As already mentioned, a useful characteristic of Wikidata is that the
community can openly edit it. Another novelty is that there can be a plurality of
facts, as contradictory facts based on different sources are allowed. Similarly, time-
sensitive data can also be included easily by qualifiers and ranks. The population
of a country, for example, changes from year to year which can be represented
easily in Wikidata. Lastly, due to their language-agnostic identifiers, Wikidata
is inherently multilingual. Language only starts playing a role in the labels and
descriptions of an item.
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Figure 3.6: Statistics on Wikidata based on (Manske, 2020).

Strengths. Due to the inclusion of information by the community, recent events
will always be included. The knowledge graph is thus much more up to date than
other KGs. Freebase is unsupported for years now, and DBpedia updates its dumps
only every month. Thus, Wikidata is much more suitable and useful for industry
applications such as smart assistants since it is the most complete open accessible
data source to date. In Figure 3.6a, one can see that number of items in Wikidata is
increasing steadily. The existence of labels and additional aliases (see Figure 3.6b)
helps EL as a too small amount of possible surface forms often lead to a failure in the
candidate generation. DBpedia does for example not include aliases, only a single
exact label; to compensate, additional resources like Wikipedia are often used to
extract a label dictionary of adequate size (Moussallem et al., 2017). Even each
property in Wikidata has a label (Vrandeci¢ and Kroétzsch, 2014). Fully language-
model based approaches are therefore more naturally usable (Mulang, Singh, Vyas,
et al., 2020). Also, nearly all items have a description, see Figure 3.6d. Thus,
this short natural language phrase can be used for context similarity measures
with the utterance. The inherent multilingual structure is intuitively useful for
multilingual Entity Linking. Table 3.5 shows information about the use of different
languages in Wikidata. As can be seen, are item labels/aliases available in up to
457 languages. Of course, not all items have labels in all languages. On average,
labels/aliases/descriptions are available in 29.04 different languages. However,
the median is only 6 languages. Many entities will therefore certainly not have
information in many languages. The most dominant language is English but not
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all elements have label/alias/description information in English. For less dominant
languages, this is of course more severe. German labels exist for example only for
14 %, and Samoan labels for 0.3 %. Context information in the form of descriptions
is also given in multiple languages but many languages are again not covered for
each entity (as can be seen by a median of only 4). While the multilingual label
and description information of items might be useful for language model based
variants, the same information for properties enables multilingual language models.
Because, on average, 21.18 different languages are available per property for labels,
one could train multilingual models on the concatenations of the labels of triples to
include context information. But of course, there are again many properties with a
lower number of languages, as the median is also only 6 languages. Cross-lingual
EL is therefore certainly necessary to use language-model based EL in multiple
languages.

Table 3.5: Statistics - Languages Wikidata (Extracted from dump (Wikimedia Foundation,
2020a))

Items  Properties

Number of languages 457 427
(average, median) of # languages per element (labels + 29.04,6 21.24,
descriptions) 13

(average., median) of # languages per element (labels) 5.59,4 21.18,6
(average, median) of # languages per element (descrip- 26.10,4 9.77, 6
tions)

% elements without English labels 1541% 0%

% elements without English descriptions 26.23% 1.08%

By using the qualifiers of hyper-relational statements more detailed information
is available, useful not only for Entity Linking but also for other problems like
Question Answering. The inclusion of hyper-relational statements is of course
also more challenging. Novel graph embeddings have to be developed and utilized
which can represent the structure of a claim enriched with qualifiers (Galkin et al.,
2020; Rosso et al., 2020).

Table 3.6: Number of English labels/aliases pointing to a certain number of items in
Wikidata (Extracted from dump (Wikimedia Foundation, 2020a))

# Labels/aliases 70,124,438 2,041,651 828,471 89,210 3329
# Items per label/alias 1 2 3—10 11-100 < 100

Weaknesses. However, this community-driven approach does also introduce
challenges. For example, the list of labels of an item will not be exhaustive, as
shown in Figures 3.6b and 3.6c. The graphs consider labels and aliases of all
languages. While the average number of labels/aliases is around 5, not all are
useful for Entity Linking in English. Ennio Morricone does not have an alias
solely consisting of Ennio while he will certainly sometimes be referenced by
that. Thus, one can not rely on the exact labels alone. But interestingly, Wikidata
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has properties for the fore- and surname alone, just not as a label or alias. A
close examination of what information to use is essential. However, this is also
a problem in other KGs. Also, Wikidata often has items with very long, noisy,
error-prone labels, which can be a challenge to link to (Mulang, Singh, Vyas,
et al., 2020). Nearly 20 percent of labels have a length larger than 100 letters, see
Figure 3.7. Due to the community-driven approach, false statements, due to errors
or vandalism (Heindorf et al., 2016), also occur.
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Figure 3.7: Percentiles of English label lengths (Extracted from dump (Wikimedia
Foundation, 2020a))

Another problem may be the lack of facts (here defined as statements not being
labels, descriptions, or aliases) for some entities. According to Tanon et al. (Tanon
et al., 2020), in March 2020, DBpedia had, on average, 26 facts per entity while
Wikidata had only 12.5. This is still more than YAGO4 with 5.1. However, those
entities with fewer facts are probably also not occurring in DBpedia, which has
a much lower amount of entities (Tanon et al., 2020). To tackle such long-tail
entities, different approaches are necessary. The lack of descriptions can also be a
problem. Currently, around 10% of all items do not have a description, as shown
in Figure 3.6d. However, the situation is increasingly improving.

A general problem of Entity Linking is that a label or alias can reference multiple
entities, see Table 3.6. While around 70 million mentions point each to an unique
item, 2.9 million do not. Not all of those are entities by our definition but, e.g.,
also classes or topics. Also, longer labels or aliases often correspond to non-entity
items. Thus, the percentage of entities with overlapping labels/aliases is certainly
larger than for all items. To use Wikidata as a Knowledge Graph, one needs to
be cautious of the items one will include as entities. For example, there exist
Wikimedia disambiguation page items which often have the same label as an
entity in the classic sense. Both, Q76 vs Q61909968 have Barack Obama as the
label. Including those will make disambiguation more difficult. Also, the possibility
of contradictory facts will make EL over Wikidata harder.
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In Wikification, also known as EL on Wikipedia, large text documents for each
entity exist in the knowledge base, enabling text-heavy methods (Wu, Petroni,
et al., 2020). Such large textual contexts (besides the descriptions and the labels of
triples itself) do not exist in Wikidata requiring other methods or the inclusion of
Wikipedia. However, as Wikidata is closely related to Wikipedia, an inclusion is
easily doable.

One can conclude that characteristics of Wikidata, like being up to date, multi-
lingual and hyper-relational, introduce new possibilities while the existence of
long-tail entities, noise or contradictory facts is also challenging. Thus, RQ 2 is
answered.

3.5 Approaches

3.5.1 Overview

Currently, the number of methods intended to work explicitly on Wikidata is still
relatively small, while the amount of the ones utilizing the structure of Wikidata
is even smaller.

There exist several KG-agnostic EL approaches (Moussallem et al., 2018; Usbeck,
Ngomo, et al., 2014; Zwicklbauer et al., 2016). However, they were omitted as their
focus is being independent of the KG. Of course, they do use Wikidata information
like labels as this information also exists in other KGs, but it is no explicit usage of
Wikidata-specific characteristics. While the approach by Zhou et al. (Zhou et al.,
2020) does utilize Wikidata aliases in the candidate generation process, the target
KB is Wikipedia and was therefore also excluded.

Tools without accompanying publications are not considered due to the lack of
information about the approach and its performance. Hence, for instance, the
Entity Linker in the DeepPavlov (Burtsev et al., 2018) framework is not included,
though it targets Wikidata and appears to use label and description information
successfully to link entities.

We distinguish three different kind of approaches: (1) Rule-based approaches,
(2) approaches employing statistical methods and (3) neural network-based ap-
proaches. The vast amount of methods are using neural networks to solve the
EL task (Banerjee et al., 2020; Boros et al., 2020; Botha et al., 2020; Cetoli et al.,
2018; Huang et al., 2020; Klang and Nugues, 2020; Labusch and Neudecker, 2020;
Mulang, Singh, Prabhu, et al., 2020; Mulang, Singh, Vyas, et al., 2020; Perkins,
2020; Provatorova et al., 2020; Raiman and Raiman, 2018; Sorokin and Gurevych,
2018). Some of those approaches solve the ER and EL jointly as an end-to-end task.
Besides those, there exists one purely rule based approach (Sakor et al., 2020) and
two based on statistical methods (Delpeuch, 2020; Lin et al., 2020).

The approaches mentioned above solve the EL problem as specified in Section 3.3.
That is, other EL methods with a different problem definition also exist. For
example, Almeida et al. (Almeida et al., 2016) try to link street names to entities in
Wikidata by using additional location information and limiting the entities only to
locations. As it uses additional information about the true entity via the location,
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it is less comparable to the other approaches. Thawani et al. (Thawani et al., 2019)
link entities only over columns of tables. It is not comparable since it does not
use natural language utterances. The approach by Klie et al. (Klie et al., 2020) is
concerned with Human-In-The-Loop EL. While its target KB is Wikidata, the focus
on the inclusion of a human in EL process makes it incomparable to the other
approaches. EL methods working on other languages than English (Ehrmann
et al., 2020; Ellgren, 2020; Klang and Nugues, 2014; Vaigh et al., 2020; van Veen
et al.,, 2016) were not considered but also did not use any novel characteristics
of Wikidata. In connection to the CLEF HIPE 2020 challenge (Ehrmann et al.,
2020), multiple Entity Linkers working on Wikidata were built. While short
descriptions of the approaches are available in the challenge-accompanying paper,
only approaches described in an own published paper were included in this survey:.
The approach by Kristanti and Romary (Kristanti and Romary, 2020) was not
included as it used pre-existing tools for EL over Wikidata for which no sufficient
documentation was available.

Due to the limited number of methods, we also evaluated methods that are not
solely using Wikidata but also additional information from a separate KG or
Wikipedia. This is mentioned accordingly. Approaches linking to knowledge
graphs different from Wikidata, but for which a mapping between the knowledge
graphs and Wikidata exists, are also not included. Such methods would not use
the Wikidata characteristics at all and their performance depends only on the
quality of the other KG and the mapping.

In the following, the different approaches are described and examined according
to the characteristics of Wikidata used. For an overview, see Table 3.7.

Entity Linking
In the following, we will first focus on methods only doing EL.

In 2018, Cetoli et al. (Cetoli et al., 2018) evaluated how different types of basic neural
networks perform solely over Wikidata. Notably, they compared the different
ways to encode the graph context via neural methods, especially the usefulness of
including topological information via GNNs (Sperduti and Starita, 1997; Wu, Pan,
et al., 2020) and RNNs (Hochreiter and Schmidhuber, 1997). However, there is
no candidate generation as it was assumed that the candidates are available. The
process consists of combining text and graph embeddings. The text embedding
is calculated by applying a Bi-LSTM over the Glove Embeddings of all words
in an utterance. The resulting hidden states are then masked by the position of
the entity mention in the text and averaged. A graph embedding is calculated
in parallel via different methods utilizing GNNs or RNNs. The end score is the
output of one feed-forward layer having the concatenation of the graph and text
embedding as its input. It represents if the graph embedding is consistent with
the text embedding. One crucial problem is that those methods only work for a
single entity in the text. Thus, it has to be applied multiple times, and there will
be no information exchange between the entities. While the examined algorithms
do utilize the underlying graph of Wikidata, the hyper-relational structure is not
taken into account. The paper is more concerned with comparing how basic neural
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Table 3.7: Comparison between the utilized Wikidata characteristics of each approach.

Approach Labels/ Descr. Knowledgtlyper- Types Additional
Aliases graph relational Infor-
struc-  struc- mation
ture ture
OpenTapioca v X v 4 v X
NED using DL on v X 4 X X X
Graphs
Falcon 2.0 v X V3 X X X
Arjun v X X X X X
DeepType V! X X X v ! Wikipedia*
Hedwig v v v X X Wikipedia
VCG v X v X X X
KBPearl 4 X v X X X
PNEL v v v X X X
Mulang et al. v v v X X X
Perkins v X 4 X X X
Huang et al. v v v X X Wikipedia
Boros et al. X X X X v Wikipedia,
DBpe-
dia
Provatorov et al. v v X X X Wikipedia
Labusch and X X X X X Wikipedia
Neudecker
Botha et al X X X X X Wikipedia
Tweeki v X X X v Wikipedia
'In paper, just demonstrated for 3 Only querying the existence of triples
Wikipedia * Wikidata not used in implementation/e-
2 Appears in the set of triples used for valuation
disambiguation

networks work on the triples of Wikidata. Due to the pure analytical nature of the
paper the usefulness of the designed approaches to a real-world setting is limited.
The reliance on graph embeddings make it susceptible to change in the Wikidata
KG.

Deeptype (Raiman and Raiman, 2018) is a novel approach using the type infor-
mation of Wikidata or Wikipedia. Developed in 2018, first, a type system was
optimized via stochastic optimization. A type system is a grouping of multiple
type axes where a type axis is a set of mutually exclusive types. The idea is to
classify entities according to the different type axes. Various methods to generate
the type system were compared, such as a genetic algorithm. The objective was a
type system which improves the EL performance while also being learnable. The
learnability is important to guarantee that a classifier can be trained for the type
system. After optimization, it consists of 128 different types. The authors do not
mention how the candidates are generated. It is only stated that commonly it is
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done via a dictionary, therefore, one can only assume that they used a dictionary:.
Then the words in an utterance are classified via a windowed Bi-LSTM according
to the type system. The type probabilities are then used together with a link
probability score to get the final score per candidate. This link probability a
statistic on how often a mention is linked to an article of an entity in Wikipedia.
The approach is multilingual as its learned type system is agnostic to language.
Thus it can be easily used with entity mentions in different languages. It is
important to note that they used Wikipedia categories to train their type system
and Wikipedia articles to train the type classifier. However, the authors claim that
the algorithm is easily changeable to Wikidata. Nevertheless, as it is also possible
to adapt other algorithms, initially created for different KGs, to Wikidata, this
method may not be suitable to be compared to the other algorithms. Assuming it
could be used over Wikidata types, it seems to produce quite good results while
only using a basic disambiguation algorithm besides the type classifier. The results
show that incorporating detailed type information improves EL considerably. As
Wikidata contains many more types (=2,400,000) than other KGs, e.g., DBpedia
(=484,000) (Tanon et al., 2020), it seems to be more suitable for this fine-grained
type classificaton. Yet, not only the amount of types plays a role but also how
many types are assigned per entity. In this regard, Wikipedia provides much
more type information per entity than Wikidata (Weikum et al., 2021). A shift to
Wikidata is, therefore, not that simple. As Wikidata is growing every minute, it
may also be challenging to keep the type system up to date.

The approach by Mulang et al. (Mulang, Singh, Prabhu, et al., 2020) is tackling the
EL problem with Transformer (Vaswani et al., 2017) models. It is assumed that the
candidate entities are given. For each entity, the labels of 1-hop and 2-hop triples
are extracted. Those are then concatenated together with the utterance and the
entity mention. The concatenation is the input of a pre-trained Transformer model.
With a fully connected layer on top, it is then optimized according to a binary
cross-entropy loss. This architecture results in a similarity measure between
the entity and the entity mention. The examined models are the Transformer
models Roberta (Liu et al., 2019), XLNet (Yang, Dai, et al., 2019) and the DCA-SL
model (Yang, Gu, et al., 2019). There is no global coherence technique applied.
Overall, up to 2-hop triples of any kind are used. For example, labels, aliases,
descriptions, or general relations to other entities are all incorporated. It is not
mentioned if the hyper-relational structure in the form of qualifiers were used.
On the one hand, the purely language-based EL results in less need of retraining if
the KG changes. On the other hand, the reliance on the triple information might
be problematic for long-tail entities.

The master thesis by Perkins (Perkins, 2020) is performing candidate generation
by using anchor link probability over Wikipedia and LSH over labels and mention
bi-grams. Contextual word embeddings of the utterance (ELMo (Peters et al., 2018))
are used together with KG embeddings (TransE (Bordes et al., 2013)), calculated
over Wikipedia and Wikidata, respectively. The context embeddings are sent
through a recurrent neural network. The output is concatenated with the KG
embedding and then fed into a feed-forward neural network giving a similarity
measure between the KG embedding of the entity candidate and the utterance.
The KG is used in the form of the calculated TransE embeddings. Hyper-relational
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structures like qualifiers are not mentioned in the thesis and not considered by
the TransE embedding algorithm. Thus, probably not included. The used KG
embeddings make it necessary to retrain when the Wikidata KG changes as they
are not dynamic.

The approach designed by Botha et al. (Botha et al., 2020) tackles multilingual
EL. It is also crosslingual. That means, it can link entity mentions to entities in
a knowledge graph in a language different to the utterance one. The idea is to
train one model to link entities in utterances of 100+ different languages to a KG
containing not necessarily textual information in the language of the utterance.
While the target KG is Wikidata, they mainly use Wikipedia descriptions as input.
This is the case as extensive textual information is not available in Wikidata. But
as Wikipedia articles are easily linkable to the corresponding Wikidata entities,
gathering the desired textual information is easy. Furthermore, as the Wikidata
entities have language-agnostic identifiers, Wikidata is suited to be the target KG.
The approach resembles the Wikification method by Wu et al. (Wu, Petroni, et al.,
2020) but extends the training process to be multilingual and targets Wikidata.
Candidate generation is done via a dual-encoder architecture. Here, two BERT-
based Transformer models encode both the context-sensitive mentions and the
entities to the same vector space. The mentions are encoded using local context, the
mention and surrounding words, and global context, the document title. Entities
are encoded by using the Wikipedia article description available in different
languages. In both cases, the encoded CLS-token are projected to the desired
encoding dimension. The goal is to embed mentions and entities in such a way
that the embeddings are similar. The model is trained over Wikipedia by using the
anchors in the text as entity mentions. Now, after the model is trained, all entities
are embedded. The candidates are generated by embedding the mention and
searching for the nearest neighbors. A certain number of neighbors are then the
generated candidates. A cross-encoder is employed to rank the entity candidates,
fed with the concatenation of the entity description and mention text. Final scores
are obtained and the entity mention is linked. Wikidata information is only used
to gather all the Wikipedia descriptions in the different languages for all entities.
Besides that, one relies mainly on Wikipedia. While that is the case, it is also
clear that Wikidata is very suitable as the target KG for multilingual EL as its
entities themselves are language-agnostic. The approach was tested on zero- and
few-shot settings showing that the model can handle an evolving knowledge base
with newly added entities that were never seen before. This is also more easily
achievable due to its missing reliance on the graph structure of Wikidata or the
structure of Wikipedia. It is the case that some Wikidata entities do not appear in
Wikipedia and are therefore invisible to the approach. But this is less problematic
here than for other approaches. The model is trained over descriptions of entities
in multiple languages. Other approaches only use the English Wikipedia, which
misses entities available in other languages. Thus, the amount of available entities
is larger.

Entity Recognition and Entity Linking

The following methods all include ER in their EL process.
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In 2018, Sorokin and Gurevych (Sorokin and Gurevych, 2018) were doing joint
end-to-end ER and EL on short texts. The algorithm tries to incorporate multiple
context embeddings into a mention score, signaling if a word is a mention, and
a ranking score, signaling the candidate’s correctness. First, it generates several
different tokenizations of the same utterance. For each token, a search is conducted
over all labels in the KG to gather candidate entities. If the token is a substring
of a label, the entity is added. Each token sequence gets then a score assigned.
The scoring is tackled from two sides. On the utterance side, a token-level context
embedding and a character-level context embedding (based on the mention) is
computed. The calculation is handled via dilated convolutional networks (DCNN)
(Yu and Koltun, 2016). On the KG side, one includes the labels of candidate entity,
the labels of relations connected to a candidate entity, the embedding of the
candidate entity itself, and embeddings of the entities and relations related to
the candidate entity. This is again done by DCNNs and, additionally, by fully
connected layers. The best solution is then found by calculating a ranking and
mention score for each token for each possible tokenization of the utterance. All
those scores are then summed up into a global score. The global assignment with
the highest score is then used to select the entity mentions and entity candidates.
The approach uses the underlying graph, label and alias information of Wikidata.
Graph information is used via connected entities and relations. They also use
TransE embeddings, and therefore no hyper-relational structure. Due to the usage
of static graph embeddings, retraining will be necessary if Wikidata changes.

OpenTapioca (Delpeuch, 2020) is a mainly statistical EL approach published in
2019. While the paper never mentions ER, the approach was evaluated with it.
In the code one can see that the ER is done by a SolrTextTagger analyzer of the
Solr search platform'?. The candidates are generated by looking up if the mention
corresponds to an entity label or alias in Wikidata stored in a Solr collection.
Entities are filtered out which do not correspond to the type person, location
or organization. OpenTapioca is based on two main features, which are local
compatibility and semantic similarity. First, local compatibility is calculated via a
popularity measure and a unigram similarity measure between entity label and
mention. The popularity measure is based on the number of sitelinks, PageRank
scores, and the number of statements. Second, the semantic similarity strives to
include context information in the decision process. All entity candidates are
included in a graph and are connected via weighted edges. Those weights are
calculated via a statistical similarity measure. This measure includes how likely
it is to jump from one entity candidate to another while discounting it by the
distance between the corresponding mentions in the utterance. The resulting
adjacency matrix is then normalized to a stochastic matrix that defines a Markov
Chain. One now propagates the local compatibility using this Markov Chain.
Several iterations are then taken, and a final score is inferred via a Support Vector
Machine. It supports multiple entities per utterance. OpenTapioca is only trained
on and evaluated for three types of entities: locations, persons, and organizations.
It facilitates Wikidata-specific labels, aliases, and sitelinks information. More
importantly, it also uses qualifiers of statements in the calculation of the PageRank
scores. But the qualifiers are only seen as additional edges to the entity. The usage

12. https://lucene.apache.org/solr/
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in special domains is limited due to its restriction to only three types of entities
but this is just an artificial restriction. It is easily updatable if the Wikidata graph
changes as no immediate retraining is necessary.

Falcon 2.0 (Sakor et al., 2020) is a fully linguistic approach and a transformation of
Falcon 1.0 (Sakor et al., 2019) to Wikidata. Falcon 2.0 was published in 2019 and its
focus lies on short texts, especially questions. It links entities and relations jointly.
Falcon 2.0 uses entity and relation labels as well as the triples itself. The relations
and entities are recognized by applying linguistic principles. The candidates are
then generated by comparing mentions to the labels using the Levenshtein distance.
The ranking of the entities and relations is done by creating triples between the
relations and entities and checking if the query is successful. The more successful
the queries, the higher the candidate will be ranked. If no query is successful, the
algorithm returns to the ER phase and splits some of the recognized entities again.
As Falcon 2.0 is an extension of Falcon 1.0 from DBpedia to Wikidata, the usage of
specific Wikidata characteristics is limited. Falcon 2.0 is tuned for EL on questions
and short texts, as well as the English language. It is thus not very generalizable
on longer, more noisy, non-question texts. As it only based on rules it is clearly
independent of changes in the KG.

Arjun (Mulang, Singh, Vyas, et al., 2020) tries to tackle specific challenges of
Wikidata like long entity labels and implicit entities. Published in 2020, Arjun is
an end-to-end approach utilizing the same model for ER and EL. It is based on
an Encoder-Decoder-Attention model. First, the entities are detected via feeding
Glove (Pennington et al., 2014) embedded tokens of the utterance into the model
and classifying each token as being an entity or not. Afterward, candidates are
generated in the same way as in Falcon 2.0 (Sakor et al., 2020). The candidates
are then ranked by feeding the mention, the entity label, and its aliases into the
model and calculating the score. Thus, the model is a similarity measure between
the mention and the entity labels. It does not use any global ranking. Wikidata
information is used in the form of labels and aliases in the candidate generation
and candidate ranking. As it relies purely on labels, it is not that susceptible to
changes in the KG.

Hedwig (Klang and Nugues, 2020) is a multilingual entity linker specialized on
the TAC 2017 task but published in 2020. Another entity linker (Klang et al.,
2019), developed by the same authors, is not included in this survey as Hedwig
is partly an evolution of it. The entities to be linked are limited to only a subset
of all possible entity classes. Hedwig employs Wikidata and Wikipedia at the
same time. The Entity Recgontion uses word embeddings, character embeddings,
and dictionary features where the character embeddings are calculated via a Bi-
LSTM. The dictionary features are class-dependent, but this is not defined in
more detail. Those embeddings and features are computed and concatenated
for each token. Afterward, the whole sequence of token features is fed into a
Bi-LSTM with a linear chain Conditional Random Field (CRF) layer at the end to
recognize the entities. The candidates for each detected entity mention are then
generated by using a mention dictionary. The dictionary is created from Wikidata
and Wikipedia information, utilizing labels, aliases, titles or anchor texts. The
candidates are disambiguated by constructing a graph consisting of all candidate
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entities, mentions, and occurring words in the utterance. The edges between
entities and other entities, words, or mentions have the normalized pointwise
mutual information (NPMI) assigned as their weights. The NPMI specifies how
frequent two entities, an entity and a mention or an entity and a word, occur
together. Those scores are calculated over a Wikipedia dump. Finally, the PageRank
of each node in the graph is calculated via power iteration, and the highest-scoring
candidates are chosen. In contrast to DeepType, the type classification is used
to determine the types of entities, not mentions. As this is only relevant for
the TAC2017 task, the classifier can be ignored. Labels and aliases of multiple
languages are used. It also uses sitelinks to connect the Wikidata identifiers and
Wikipedia articles. The paper also claims to use descriptions but does not describe
anywhere in what way. No hyper-relational or graph features are used. As it
employs class-dependent features, it is limited to the entities of classes specified
in the TAC 2017 task. The NPMI weights have to be updated with the addition of
new elements in Wikidata and Wikipedia.

KBPearl (Lin et al., 2020), published in 2020, utilizes EL to populate incomplete KGs
using documents. First, a document is preprocessed via Tokenization, POS tagging,
NER, noun-phrase chunking, and time tagging. Also, an existing Information
Extraction tool is used to extract open triples from the document. Open triples
are non-linked triples in unstructured text. The triples are processed further by
filtering invalid tokens and doing canonicalization. Then, a graph of entities,
predicates, noun phrases, and relation phrases is constructed. The candidates are
generated by comparing the noun/relation phrases to the labels and aliases of the
entities/predicates. The edges between the entities/relations and between entities
and relations are weighted by the number of intersecting one-hop statements. The
next step is the computation of a maximum dense subgraph. Density is defined by
the minimum weighted degree of all nodes (Hoffart et al., 2011). As this problem is
NP-hard, a greedy algorithm is used for optimization. New entities relevant for the
task of Knowledge Graph Population are identified by thresholding the weighted
sum of an entity’s incident edges. Like used here, global coherence can perform
sub-optimally since not all entities/relations in a document are related. Thus, two
variants of the algorithm are proposed. First, a pipeline version that separates
the full document into sentences. Second, a near neighbor mode, limiting the
interaction of the nodes in the graph by the distances of the corresponding noun-
phrases and relation-phrases. The approach includes label and alias information
of entities and predicates. Additionally, one-hop statement information is used,
but hyper-relational features are not mentioned. However, the paper does not
claim that its focus is entirely on Wikidata. Thus, the weak specialization is
understandable. While it utilizes EL, the focus of the approach is still knowledge
base population. No training is necessary which makes the approach suitable for
a dynamic graph like Wikidata.

PNEL (Banerjee et al., 2020) is an E2E model jointly solving ER and EL focused
on short texts. PNEL employs a Pointer network (Vinyals et al., 2015) working
on a set of different features. An utterance is tokenized into multiple different
combinations. Each token is extended into the (1) token itself, (2) the token
and the predecessor, (3) the token and the successor, and (4) the token with
both predecessor and successor. For each token combination, candidates are
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searched for by using the BM25 similarity measure. Fifty candidates are used per
tokenization combination. Therefore, 200 candidates are found per token. For each
candidate, features are extracted. Those range from the simple length of a token to
the graph embeddings of the candidate entity. All features are concatenated to a
large feature vector. Therefore, per token, a sequence of 200 such features vectors
exist. Finally, the concatenation of those sequences of each token in the sentence is
then fed into a Pointer network. At each iteration of the Pointer network, it points
to one candidate in the network or an END token marking no choice. The entity
descriptions, labels and aliases are all used. Additionally, the graph structure is
included by TransE graph embeddings, but no hyper-relational information was
incorporated. E2E models often can improve the performance of the ER. Most EL
algorithms employed in industry often use older ER methods decoupled from the
EL process. Thus, such an E2E EL approach can be of use. Nevertheless, due to
its reliance on static graph embeddings, complete retraining will be necessary if
Wikidata changes.

The approach designed by Huang et al. (Huang et al., 2020) is utilizing deep and
shallow models together. It specialized in short texts. The ER is performed via a
pre-trained BERT model (Devlin et al., 2019) with a single classification layer on
top, determining if a token belongs to an entity mention. The candidate search
is done via an ElasticSearch’® index, comparing the entity mention to labels and
aliases by exact match and Levenshtein distance. The candidate ranking uses
three similarity measures to calculate the final rank. A CNN is used to compute
a character-based similarity between entity mention and candidate label. This
results in a similarity matrix whose entries are calculated by the cosine similarity
between each character embedding of both strings. The context is included in
two ways. First, between the utterance and the entity description, by embedding
the tokens of each sequence through a BERT model. Again, a similarity matrix
is built by calculating the cosine similarity between each token embedding of
both utterance and description. The KG is also considered by including the triples
containing the candidate as a subject. For each such a triple a similarity matrix
is calculated between the label concatenation of the triple and the utterance. All
measures are then combined and fed into a two-layer perceptron. Wikidata labels,
aliases and descriptions are utilized. Additionally, the KG structure is incorporated
through the labels of candidate-related triples. This is similar to the approach by
Mulang et al. (Mulang, Singh, Prabhu, et al., 2020), but only 1-hop triples are used.
There are also no hyper-relational information considered. Due to its reliance on
text alone, it is less susceptible to the changes of Wikidata.

In connection to the CLEF 2020 HIPE challenge (Ehrmann et al., 2020), multiple
approaches for ER and EL of historical newspapers on Wikidata were developed.
Documents were available in English, French and German. Three approaches with
a focus on the English language are described in the following. The documents are
noisy as the OCR method for transcribing the newspapers produced errors. The
authors often constructed different methods for different languages. From now
on, only the English models are described. Differences in the usage of Wikidata
between the languages did not exist. Yet, the approaches were not multilingual

13. https://www.elastic.co/elasticsearch/
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as different models were used and/or a retraining was necessary for different
languages.

Boros et al. (Boros et al., 2020) tackled ER by using a BERT model with a CRF layer
on top, which recognizes the entity mentions and classifies the type. During the
training, the regular sentences are enriched with misspelled words to make the
model robust against noise. For the EL, a knowledge base is built from Wikipedia,
containing Wikipedia titles, ids, disambiguation pages, redirects and calculating
link probability between mentions and Wikipedia pages. The link probability
between anchors and Wikipedia pages is used to gather entity candidates for a
mention. The disambiguation approach follows an already existing method (Kolit-
sas et al., 2018). Here, the utterance tokens are embedded via a Bi-LSTM. The token
embeddings of a single mention are combined. Then similarity scores between
the resulting mention embedding and the entity embeddings of the candidates
are calculated. The entity embeddings are computed according to Ganea and
Hofmann (Ganea and Hofmann, 2017). These similarity scores are combined with
the link probability and long-range context attention, calculated by taking the
inner product between an additional context-sensitive mention embedding and
an entity candidate embedding. The resulting score is a local ranking measure
and is again combined with a global ranking measure considering all other entity
mentions in the text. In the end, additional filtering is applied by comparing the
DBpedia types of the entities to the ones classified during the ER. If the type
does not match or other inconsistencies apply, the entity candidate gets a lower
rank. Here, they also experimented with Wikidata types, but this resulted in
a performance decrease. As can be seen, technically, no Wikidata information
besides the unsuccessful type inclusion is used. Thus, the approach resembles
more of a Wikification algorithm. Yet, they do link to Wikidata as the HIPE task
dictates it and therefore, the approach was included in the survey. New Wikipedia
entity embeddings can be easily added (Ganea and Hofmann, 2017) which is an
advantage when Wikipedia changes. Also, its robustness against erroneous texts
makes it ideal for real-world use.

Labusch and Neudecker (Labusch and Neudecker, 2020) also applied a BERT
model for ER. For EL, they used mostly Wikipedia, similar to Boros et al. (Boros
et al., 2020). They built a knowledge base containing all person, location and
organization entities from the German Wikipedia. Then it was converted to
an English knowledge base by mapping from the German Wikipedia Pages via
Wikidata to the English ones. This mapping process resulted in the loss of
numerous entities. The candidate generation is done by embedding all Wikipedia
page titles in an Approximative Nearest Neighbour index. Using this index, the
neighboring entities to the mention embedding are found and used as candidates.
For ranking, anchor-contexts of Wikipedia pages are embedded and fed into a
classifier together with the embedded mention-context, which outputs whether
both belong to the same entity. This is done for each candidate for around 50
different anchor-contexts. Then, multiple statistics on those similarity scores and
candidates are calculated, which are used in a Random Forest model to compute
the final ranks. Similar to the previous approach, Wikidata was only used as the
target knowledge base, while information from Wikipedia was used for all the EL
work. Thus, no special characteristics of Wikidata were used. The approach is less
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Table 3.8: Results: EL only.
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AIDA-CoNLL 0.9493 0.94943%  0.73 - -
ISTEX-1000 - 0.9261° - - -
Wikidata-Disamb  0.9243 0.9235°¢ - 0.916 -
Mewsli-9 - - - - 0.917
!Only evaluated on 3 Accuracy instead of F; 6 Roberta used
Wikipedia 4 DCA-SL used 7 Recall instead of F;

2 Model with best result > XLNet used

affected by a change of Wikidata due to similar reasons as the previous approach.
Also, this approach lacks performance compared to the state of the art in the HIPE
task. The knowledge base creation process produces a disadvantageous loss of
entities, but this might be easily changed.

Provatorov et al. (Provatorova et al., 2020) used an ensemble of fine-tuned BERT
models for ER. The ensemble is used to compensate for the noise of the OCR
procedure. The candidates were generated by using an ElasticSearch index filled
with Wikidata labels. The candidate’s final rank is calculated by taking the search
score, increasing it if a perfect match applies and finally taking the candidate with
the lowest Wikidata identifier number. They also created three other methods
of the EL approach: (1) The ranking was done by calculating cosine similarity
between the embedding of the utterance and the embedding of the same utterance
with the mention replaced by the Wikidata description. Furthermore, the score is
increased by the Levenshtein distance between the entity label and the mention.
(2) A variant was used where the candidate generation is enriched with historical
spellings of Wikidata entities. (3) The last variant used an existing tool, which
included contextual similarity and co-occurrence probabilities of mentions and
Wikipedia articles. Also, a global ranking was applied. The approach uses Wikidata
labels and descriptions in one variant of candidate ranking. Beyond that, no other
characteristics specific to Wikidata were considered. Overall, the approach is very
basic and uses mostly pre-existing tools to solve the task. The approach is not
susceptible to a change of Wikidata as it is mainly based on language and does
not need retraining. However, its poor performance in the HIPE challenge makes
it a less desirable method to employ.

Tweeki (Harandizadeh and Singh, 2020) is an approach focusing on unsupervised
EL over tweets. The ER is done by a pre-existing Entity Recognizer (Gardner
et al., 2018) which also tags the mentions. The candidates are generated by first
calculating the link probability between Wikidata aliases over Wikipedia and
then searching for the aliases in a dictionary. The ranking is done using the
link probabilities while pruning all candidates that do not belong to the type
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provided by the Entity Recognizer. It is a relatively simple approach that does
not need to be trained, making it very suitable for linking entities in tweets. In
that document type, often novel entities with minimal context exist. Regarding
features of Wikidata, it uses label, alias and type information. Due to it being
unsupervised, changes to the KG do not affect it.

3.5.2 Evaluation

Table 3.8 and Table 3.9 give an overview of all available results for the approaches
described in the previous section. The first gives information for EL only ap-
proaches and the second for approaches evaluating EL together with ER. The
micro F; scores are given:

p-r

p+r

F1:2‘

tp tp

where p is the precision p = Dt fp and r is the recall r = pifa- LD are here the
amount of true positives, fp the amount of false positives and fn the amount
of false negatives. Micro F; means that the scores are calculated over all linked
entity mentions and not separately for each document and then averaged. True
positives are the correctly linked entity mentions, false positives incorrectly linked
entities which do not occur in the set of valid entities and false negatives entities
which occur in the set of valid entities but are not linked to (Cornolti et al.,
2013). The approaches were evaluated on many different datasets, which makes
comparison very difficult. Additionally, many approaches are evaluated on datasets
designed for knowledge graphs different to Wikidata and then mapped. Often, the
approaches are evaluated on the same dataset but over different subsets, which
complicates a comparison even more. The method by Perkins (Perkins, 2020)
was also evaluated on the Kensho Derived Wikimedia Dataset (Kensho R&D
group, 2020), but it was only used to compare different variants of the designed
approach and focussed on different amounts of training data. Thus, inclusion in
the evaluation table is not reasonable.

Inferring the utility of a Wikidata characteristic from the different approaches’
Fi-measures is inconclusive due to the sparsity of results. For EL-only, AIDA-
CoNLL results are available for three of five approaches, but the results for two
are the accuracies instead of the F;-measures. However, considering the results of
Deeptype (Raiman and Raiman, 2018) for Wikidata-Disamb, it becomes apparent
that the inclusion of type information might help a lot. Still, it was only used
with Wikipedia categories. The available labels for each item and property make
language-model-based approaches possible that perform quite well (Mulang, Singh,
Prabhu, et al., 2020). No approaches are available to compare to the one by Botha
et al. (Botha et al., 2020), but the result demonstrates the promising performance
of multilingual EL with Wikidata as the target KG. For ER + EL approaches, most
results were available for LC-QuAD 2.0. Yet, no conclusion can be drawn as
many approaches were evaluated on different subsets of the dataset. Falcon 2.0
performs well, but it does not substantially rely on Wikidata characteristics. The
performance is good as it is designed for simple questions that follow its rules
very closely. Arjun performs well on T-REx by mainly using label information,
but the amount of methods tested on the T-REx dataset is too low to be conclusive.
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Table 3.9: Results: ER + EL.
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Besides that, PNEL and the approach by Huang et al. also achieve good results; both
include a broader scope of Wikidata information in the form of labels, descriptions
and graph structure. As HIPE challenge approaches are using Wikidata only
marginally and the difference in performance depends more on the robustness
against the OCR-introduced noise, comparing them is not providing information
on the relevance of Wikidata characteristics.

While some algorithms (Mulang, Singh, Vyas, et al., 2020) do try to examine the
challenges of Wikidata, like more noisy long entity labels, many fail to use most
of the advantages of Wikidata’s structure. If the approaches are using even more
information than just the labels of entities and relations, they mostly only include
simple n-hop triple information. Hyper-relational information like qualifiers is
only used by OpenTapioca but still in a simple manner. This is surprising, as they
can provide valuable additional information. As one can see in Figure 3.8, around
half of the statements on entities occurring in the LC-QuAD 2.0 dataset have one
or more qualifiers. These percentages differ from the ones in all of Wikidata, but
when entities are considered, appearing in realistic use cases like QA, qualifiers
are much more abundant. Thus, dismissing the qualifier information might be
critical. The inclusion of hyper-relational graph embeddings could improve the
performance of many approaches already using non-hyper-relational ones. Rank
information of statements might be useful to consider, but choosing the best one
will probably often suffice.

100% - Qualifiers
. 0
w1
. 2

80% - - 3
= 4
N 5
Q >5
2 60% A -
5
b
& 40%
20% -
0% -

LC-QuAD 2.0 Wikidata

Figure 3.8: Percentage of statements having the specified number of qualifiers for all
LC-QuAD 2.0 and Wikidata entities.

Of all approaches, only two algorithms (Banerjee et al., 2020; Huang et al., 2020)
use descriptions explicitly. Others incorporate them through triples too, but more
on the side (Mulang, Singh, Prabhu, et al., 2020). Descriptions can provide valuable
context information and many items do have them; see Figure 3.6d. Hedwig (Klang
and Nugues, 2020) claims to use descriptions but fails to describe how. Three
approaches (Botha et al., 2020; Klang and Nugues, 2020; Raiman and Raiman, 2018)
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demonstrated the usefulness of the inherent multilingualism of Wikidata, notably
in combination with Wikipedia.

As Wikidata is always changing, approaches robust against change are preferred.
A reliance on transductive graph embeddings (Banerjee et al., 2020; Cetoli et al.,
2018; Perkins, 2020; Sorokin and Gurevych, 2018), which need to have all entities
available during training, makes repeated retraining necessary. Alternatively,
the used embeddings would need to be replaced with graph embeddings, which
are efficiently updatable or inductive (Albooyeh et al., 2020; Baek et al., 2020;
Hamaguchi et al., 2017; Teru et al., 2020; Wang et al., 2019; Wang, Gao, et al., 2021;
Wu, Petroni, et al., 2020). The rule-based approach Falcon 2.0 (Sakor et al., 2020) is
not affected by a developing knowledge base but only usable for correctly-stated
questions. Methods only working on text information (Huang et al., 2020; Mulang,
Singh, Prabhu, et al., 2020; Mulang, Singh, Vyas, et al., 2020) like labels, descriptions
or aliases do not need to be updated if Wikidata changes, only if the text type or the
language itself does. For approaches (Harandizadeh and Singh, 2020; Huang et al.,
2020; Klang and Nugues, 2020) that rely on statistics over Wikipedia, new entities
may in Wikidata may sometimes not exist in Wikipedia to a satisfying degree. The
approaches by Boros et al. (Boros et al., 2020), and Labusch and Neudecker (Labusch
and Neudecker, 2020) are mostly using Wikipedia information. They are, therefore,
susceptible to changes in Wikipedia, especially specific statistics calculated over
Wikipedia pages. Botha et al. (Botha et al., 2020) also mainly depends on Wikipedia
and thus on the availability of the desired Wikidata entities in Wikipedia itself.
But as it uses Wikipedia articles in multiple languages, it encompasses many
more entities than the previous approaches that focus on Wikipedia. As it was
designed for the zero- and few-shot setting, it is quite robust against changes in
the underlying knowledge base. Deeptype (Raiman and Raiman, 2018) relies on a
fine-grained type system. As the categories of Wikidata are not evolving as fast
as novel entities appear, it is relatively robust against a changing knowledge base.
However, it was not yet tested on Wikidata, which’s type assignments differs vastly
from Wikipedia. Statistical approaches (Delpeuch, 2020; Lin et al., 2020) need to
update the underlying statistics, but this might be efficiently doable. Overall, the
robustness against change is most negatively affected by static/transductive graph
embeddings.

This summary and evaluation of the existing Wikidata Entity Linkers answers RQ
1.

3.5.3 Reproducibility

Not all algorithms are available as an Web API or even as source code. An overview
can be seen in Table 3.10. The amount of approaches for Wikidata having an
accessible Web API is meager. While the code for some methods exists, this is still
just the case for less than half. The effort to set up the different approaches also
varies significantly due to missing instructions or data. Thus, we refrained from
evaluating and filling the missing results for all the datasets in Tables 3.8 and 3.9.

70



3. Survey on English Entity Linking on Wikidata

Table 3.10: Availability of approaches.

Approach Code Web API

OpenTapioca (Delpeuch, 2020)

NED using DL on Graphs (Cetoli et al., 2018)
Falcon 2.0 (Sakor et al., 2020)

Arjun (Mulang, Singh, Vyas, et al., 2020)
DeepType (Raiman and Raiman, 2018)

Hedwig (Klang and Nugues, 2020)

VCG (Sorokin and Gurevych, 2018)

KBPearl (Lin et al., 2020)

PNEL (Banerjee et al., 2020)

Mulang et al. (Mulang, Singh, Prabhu, et al., 2020)
Perkins (Perkins, 2020)

Huang et al. (Huang et al., 2020)

Boros et al. (Boros et al., 2020)

Provatorov et al. (Provatorova et al., 2020)
Labusch and Neudecker (Labusch and Neudecker, 2020)
Botha et al. (Botha et al., 2020)

Tweeki (Harandizadeh and Singh, 2020)
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3.6 Datasets

3.6.1 Overview

This section is concerned with analyzing the different datasets which are used for
Wikidata EL. A comparison can be found in Table 3.11. Here, information about
the purpose, release year, domain and more is given. The majority of datasets
on which existing Entity linkers were evaluated, were originally constructed for
KGs different from Wikidata. Such a mapping can be problematic as some entities
labeled for other KGs could be missing in Wikidata. Or some NIL entities that do
not exist in other KGs could exist in Wikidata. Eleven datasets were found for
which Wikidata (Botha et al., 2020; Delpeuch, 2020; Dubey et al., 2019; Ehrmann
et al., 2020; Elsahar et al., 2018; Harandizadeh and Singh, 2020; Kensho R&D group,
2020; Lin et al., 2020; Mesquita et al., 2019; Noullet et al., 2020) identifiers were
available from the start.

LC-QuAD 2.0 (Dubey et al., 2019) is a dataset semi-automatically created for
Complex Questions Answering providing complex natural language questions.
For each question, Wikidata and DBpedia identifiers are provided. The questions
are generated from subgraphs of the Wikidata KG. The dataset does not provide
annotated mentions.

T-REx (Elsahar et al., 2018) was constructed automatically over Wikipedia ab-
stracts. Its main purpose is Knowledge Base Population. According to Mulang
et al. (Mulang, Singh, Vyas, et al., 2020), this dataset describes the challenges of
Wikidata, at least in the form of long, noisy labels, the best.
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Table 3.11: Comparison of used datasets.

Dataset Domain Year Purpose Annotated Identifiers
men-
tions

ISTEX-1000 Research articles 2019 EL v Wikidata
Wikidata-Disamb Wikipedia articles 2018 ! EL X Wikidata 2
(based on Wiki-
Disamb30(Ferragina
and Scaiella, 2010))
LC-QuAD 2.0 General complex 2019 Question Answering (QA) X DBpedia, Wikidata

questions
T-REx Wikipedia 2015 Knowledge Base Popula- v Wikidata

abstracts tion (KBP), Relation Ex-

traction (RE), Natural Lan-
guage Geneation (NLG)

Knowledge Net Wikipedia 2019 KBP v Wikidata

abstracts,

biographical

texts
NYT2018 News 2018 EL v Wikidata, DBpedia
KORE50DYWC News 2019 EL v Wikidata, DBpedia,

YAGO, Crunchbase

Kensho Derived Wikime- Wikipedia 2020 Natural Language Pro- v Wikidata,
dia Dataset cessing (NLP) Wikipedia
CLEF HIPE 2020 Historical newspa- 2020 ER, EL Ve Wikidata

pers
Mewsli-9 News in multiple 2020 Multilingual EL 4 Wikidata

languages
TweekiData Tweets 2020 EL v Wikidata
TweekiGold Tweets 2020 EL v Wikidata

I data from 2010

2 Original dataset on Wikipedia
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ISTEX-1000 (Delpeuch, 2020) is a research-focused dataset containing 1000 author
affiliation strings. It was manually annotated to evaluate the OpenTapioca entity
linker.

KnowledgeNet (Mesquita et al., 2019) is a Knowledge Base Population dataset with
9073 manually annotated sentences. The text was extracted from biographical
documents from the web or Wikipedia articles.

NYT2018 (Lin and Chen, 2019; Lin et al., 2020) consists of 30 news documents
that were manually annotated on Wikidata and DBpedia. It was constructed for
KBPearl, so its main focus is also KBP which is a downstream task of EL.

One dataset, KORE 50 DYWC (Noullet et al., 2020), was found, which was not
used by any of the approach papers. It is an annotated EL dataset based on the
KORE50 dataset, a manually annotated subset of the AIDA corpus. All sentences
are reannotated with DBpedia, Yago, Wikidata and Crunchbase entities.

The Kensho Derived Wikimedia Dataset (Kensho R&D group, 2020) is an au-
tomatically created condensed subset of Wikimedia data. It consists of three
levels: Wikipedia text, annotations with Wikipedia pages and links to Wikidata
items. Thus, mentions in Wikipedia articles are annotated with Wikidata items.
However, as some Wikidata items do not have a corresponding Wikipedia page,
the annotation is not exhaustive. It was constructed for NLP in general.

Table 3.12: Ambiguity of mentions (existence of a match does not correspond to a correct
match).

Dataset Average Nomatch Exact More
number match than one
of match
matches

ISTEX-1000 (train) 23.23 8.06% 26.34% 65.61%

ISTEX-1000 (test) 25.85 10.30% 23.88% 65.82%

Wiki-Disamb30 (train) 25.06 0.36% 1.26% 98.38%

Wiki-Disamb30 (dev) 30.39 0.40% 1.18% 98.42%

Wiki-Disamb30 (test) 30.18 0.30% 1.44% 98.26%

Knowledge Net (train) 21.90 10.41% 22.29% 67.3%

T-REx 4.79 31.36% 32.98% 35.65%

KORE50DYWC 28.31 3.93% 7.49% 88.60%

Kensho Derived Wikimedia 8.16 35.18% 30.94% 33.88%

Dataset

CLEF HIPE 2020 (en, dev) 24.02 35.71% 11.51% 52.78%

CLEF HIPE 2020 (en, test) 17.78 43.82% 6.74% 49.44%

Mewsli-9 (en) 11.09 16.80% 34.90% 47.30%

TweekiData 19.61 19.98% 12.01% 68.01%

TweekiGold 16.02 7.41% 20.25% 72.34%

CLEF HIPE 2020 (Ehrmann et al., 2020) is a dataset based on historical newspapers
in English, French and German. Only the English dataset will be analyzed in
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the following. This dataset is of great difficulty due to many errors in the text,
which originates from the OCR method used to parse the scanned newspapers.
For the English language, only a development and test set exist. In the other two
languages, a training set is also available. It was manually annotated.

Mewsli-9 (Botha et al., 2020) is a multilingual dataset automatically constructed
from WikiNews. It includes nine different languages. A high percentage of entity
mentions in the dataset do not have corresponding English Wikipedia pages, and
thus, cross-lingual linking is necessary.

TweekiData and TweekiGold (Harandizadeh and Singh, 2020) are an automatically
annotated corpus and a manually annotated dataset for EL over tweets. Tweeki-
Data was created by using other existing tweet-based datasets and linking them to
Wikidata data via the Tweeki EL. TweekiGold was created by an expert, manually
annotating tweets from another dataset with Wikidata identifiers and Wikipedia
page-titles.

Table 3.13 shows the number of documents, the number of mentions, emerging
entities and unique entities, and the mentioned ratio. What classifies as a document
in a dataset depends on the dataset itself. For example, for T-REx, a document is a
whole paragraph of a Wikipedia article, while for LC-QuAD 2.0, a document is
just a single question. Due to this, the average amount of entities in a document
also varies, e.g., LC-QuAD 2.0 with 1.47 entities per document and T-REx with
11.03. If a dataset was not available, information from the original paper was
included. If dataset splits were available, the statistics are also shown separately.
The majority of datasets do not contain emerging entities. For the Tweeki datasets,
it is not mentioned which Wikidata dump was used to annotate. For a dataset
that contains emerging entities, this is problematic. On the other hand, the dump
is specified for the CLEF HIPE 2020 dataset, making it possible to work on the
Wikidata version with the correct entities missing.

To get an overview how widespread they datasets are in use, see the section 3.5.2.
Thus, RQ 3 is answered.

3.6.2 Evaluation

The difficulty of the different datasets was measured by the accuracy of a simple
EL method (Table 3.14) and the ambiguity of mentions (Table 3.12). The simple EL
method searches for entity candidates via an ElasticSearch index, including all
English labels and aliases. It then disambiguates by taking the one with the largest
tf-idf based BM25 similarity measure score and the lowest Q-identifier number
resembling the popularity. Nothing was done to handle inflections.'* Here, only
datasets were included which were accessible. As one can see, is the accuracy
positively correlated with the number of exact matches. The more ambiguous the
underlying entity mentions are, the more inaccurate a simple similarity measure
between label and mention becomes. In this case, more context information is
necessary. The simple Entity Linker was only applied to datasets that were feasible

14. All source code, plots and results can be found on https://github.com/cedricm-research/
ELEnglishWD
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Dataset # # mentions Emerging Wikidata Unique Mentions
documents entities entities Wikidata  per
entities document
ISTEX-1000 (train) 750 2073 0% 100% 53.7% 2.76
ISTEX-1000 (test) 250 670 0% 100% 65.8% 2.68
Wikidata-Disamb (train) 100,000 100,000 0% 100% 27.2% 1.0
Wikidata-Disamb (test) 10,000 10,000 0% 100% 57.3% 1.0
Wikidata-Disamb (dev) 10,000 10,000 0% 100% 56.2% 1.0
LC-QuAD 2.0 6046 44,529 0% 100% 51.2% 1.47
T-REx 4,650,000 51,297,484 0% 100% 9.1% 11.03
Knowledge Net (train) 3977 13,039 0% 100% 30% 3.28
NYT2018 30 - - - - -
KORE50DYWC 50 307 0% 100% 72.0% 6.14
Kensho Derived Wikimedia 14,255,258 121,835,453 0% 100% 3.7% 8.55
Dataset
CLEF HIPE 2020 (en, dev) 80 470 46.4% 53.6% 31.9% 5.88
CLEF HIPE 2020 (en, test) 46 134 33.6% 66.4% 42.5% 2.91
Mewsli-9 (en) 12,679 80,242 0% 100% 48.2% 6.33
TweekiData 5,000,000 5,038,870 61.2% 38.8% 5.4% 1.01
TweekiGold 500 958 11.1% 88.9% 66.6% 1.92

Table 3.13: Comparison of the datasets with focus on the number of documents and

3. Survey on English Entity Linking on Wikidata
Wikidata entities.
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to disambiguate in that way. T-REx and the Kensho Derived Wikimedia Dataset
were too large. According to the EL performance, ISTEX-1000 is the easiest dataset.
Many of the ambiguous mentions reference the most popular one, while also many
exact unique matches exist. T-REx, the Kensho Derived Wikimedia Dataset and the
Mewsli-9 training dataset have the largest percentage of exact matches for labels.
The largest number of ambiguous mentions have the Wiki-Disamb30 datasets,
resulting in a low EL but not the lowest accuracy. Deciding on the most prominent
entity appears to produce good EL results. This is also the case for the TweekiGold
dataset. While the KORE50DYWC dataset is less ambiguous than Wiki-Disamb30,
it performs the worst due to references to unpopular entities. The CLEF HIPE 2020
dataset also has a low EL accuracy but not due to ambiguity but many mentions
with no exact match. The reason for that is the noise created by OCR. Only the
English dataset was examined. The second column of Table 3.14 specifies the
accuracy with all unique exact matches removed. This is based on the intuition
that exact matches without any competitors are usually correct. In general, the
removal does decrease the accuracy with one exception. The Wiki-Disamb30
datasets constantly achieve better accuracy as a large percentage of the unique
exact matches appear to point to wrong entities. Thus, the true entity does not
have the label it is referenced by.

Table 3.14: EL accuracy - Kensho Derived Wikimedia Dataset, T-REx and TweekiData are
not included due to size, Acc. filtered has all exact matches removed.

Dataset Acc. Acc. filtered
ISTEX-1000 (train) 0.744 0.716
ISTEX-1000 (test) 0.716 0.678
Wiki-Disamb30 (train) 0.597 0.600
Wiki-Disamb30 (dev)  0.580 0.584
Wiki-Disamb30 (test) 0.576 0.580
Knowledge Net (train)  0.371 0.285
KORE50DYWC 0.225 0.187
CLEF HIPE 2020 (en, dev) 0.333 0.287
CLEF HIPE 2020 (en, test) 0.258 0.241
TweekiGold 0.565 0.520
Mewsli-9 (en) 0.602 0.490

Two main characteristics of Wikidata may affect the design of Wikidata EL datasets.
First, multilingualism is the main focus of Wikidata, and thus, multilingual datasets
should also be a focus. Unfortunately, only two datasets (Botha et al., 2020;
Ehrmann et al., 2020) focus on the multilingualism of Wikidata. The CLEF HIPE
2020 dataset is designed for Wikidata and has documents for the languages English,
French and German, but each language has a different corpus of documents. The
same is the case for the Mewsli-9 dataset, while here, documents in nine languages
are available. A dataset similar to VoxEL (Rosales-Méndez et al., 2018), which
is defined for Wikipedia, would be helpful. Here, each utterance is translated
into multiple languages, which eases the comparison of the multilingual EL
performance. Having the same corpus of documents in different languages would
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allow a better comparison of a method’s performance in various languages. Of
course, such translations will never be perfectly comparable.

The second characteristic is the large rate of change of Wikidata. Thus, it would
also be advisable that the datasets specify the Wikidata dumps they were created,
similar to Petroni et al. (Petroni et al., 2021). Many of the existing datasets do that,
yet not all. In current dumps, entities, which were available while the dataset was
created, could have been removed. It is even more probable that emerging entities
could now have a corresponding entity in an updated Wikidata dump version.
If the EL approach now would detect it as an emerging entity, it is evaluated as
correct, but in reality, this is false and vice versa. Concerning emerging entities,
another variant of an EL dataset could be useful. Two Wikidata dumps from
different time points could be used to label the utterances. Such a dataset would be
valuable in the context of Knowledge Graph Population when emerging entities
are inserted into the KG. With the true emerging entity available, one could
measure the quality of the insertion. Also, constraining that the method needs to
perform well on both KG dumps would force EL approaches to be less reliant on a
fixed graph structure. This answers RQ 4.

3.7 Related work

While there are multiple recent surveys on EL, none of those are specialized in
analyzing the area of EL on Wikidata.

The extensive survey by Sevgili et al. (Sevgili et al., 2019) is giving an overview of all
neural approaches from 2015 to 2020. It compares 30 different approaches on nine
different datasets. Of those, only Deeptype can be seen as focused on Wikidata.
The survey also discusses the current state of the art of domain-independent and
multi-lingual neural EL approaches. However, the influence of the underlying KG
was not of concern to the authors. It is not described in detail how they found the
considered approaches.

In the survey by Al-Moslmi et al. (Al-Moslmi et al., 2020), the focus lies on ER and
EL approaches over KGs in general. It considers approaches from 2014 to 2019. It
gives an overview of the different approaches of ER, Entity Disambiguation, and EL.
A distinction between Entity Disambiguation and EL is made, while our survey sees
Entity Disambiguation as a part of EL. The roles of different domains, text types, or
languages are discussed. The authors considered 89 different approaches and tools.
Most approaches were designed for DBpedia or Wikipedia, some for Freebase
or YAGO, and some to be KG-agnostic. Again, the only Wikidata contender was
Deeptype. F; scores were gathered on 17 different datasets. Fifteen algorithms,
for which an implementation or a WebAPI was available, were evaluated using
GERBIL (Roder et al., 2018).

Another survey (Oliveira et al., 2020) examines recent approaches, which em-
ploy holistic strategies. Holism in the context of EL is defined as the usage
of domain-specific inputs and metadata, joint ER-EL approaches and collective
disambiguation methods. Thirty-six research articles were found which had any
holistic aspect - none of the designed approaches linked explicitly to Wikidata.
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A comparison of the number of approaches and datasets included in the different
surveys can be found in Table 3.15.

If we go further into the past, the existing surveys (Ling et al., 2015; Shen et al.,
2015) are not considering Wikidata at all or only in a small amount as it is still
a rather recent KG in comparison to the other established ones like DBpedia,
Freebase or YAGO. For an overview on different KGs on the web, we refer the
interested reader to the one by Heist et al. (Heist et al., 2020).

No found survey focused on the differences of EL over different knowledge graphs,
respectively, on the particularities of EL over Wikidata.

Table 3.15: Survey Comparison

Survey # Approaches # Wiki- # # Wiki-
data Ap- Datasets data
proaches Datasets

Sevgili et al. (2019) 30 1 9 0

Al-Moslmi et al. (2020) 39 1 17 0

Oliveira et al. (2020) 36 0 32 0

This survey 17 17 21 11

3.8 Discussion

3.8.1 Current Approaches, Datasets and their Drawbacks

Approaches. The number of algorithms using Wikidata is small; the number
of algorithms using Wikidata solely is even smaller. Most algorithms employ
labels and alias information contained in Wikidata. Some deep learning-based
algorithms leverage the underlying graph structure, but the inclusion of that
information is often superficial. The same information is also available in other
KGs. Additional statement specific information like qualifiers is used by only one
algorithm (OpenTapioca), and even then, it only interprets qualifiers as extra edges
to the item. Thus, there is no inclusion of the actual structure of a hyper-relation.
Information like the descriptions of items which are providing valuable context
information is also used seldom. Wikidata includes type information, but almost
none of the existing algorithms utilize it to do more than to filter out entities that
are not desired to link in general. An exception is Tweeki, which uses it together
with ER, and perhaps DeepType, though the evaluated model used Wikipedia
categories.

One could claim that the current algorithms are mostly trying to map algorithms
also usable on other KGs to Wikidata. Besides utilizing specific characteristics
of Wikidata, it is also notable that there is no clear focus on one of the essential
characteristics of Wikidata, the continual growth. Many approaches use static
graph embeddings, which need to be retrained if the KG changes. EL algorithms
working on Wikidata, which are not usable on future versions, seem unintuitive.
But there also exist some approaches which can handle change. They often rely on
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more extensive textual information, which is again challenging due to the limited
amount of such data in Wikidata. Wikidata descriptions do exist, but only short
paragraphs are provided, in general, insufficient to train a language model. To
compensate, Wikipedia is included, which provides this textual information. It
seems like Wikidata as the target KG with its language-agnostic identifiers and
the easily connectable Wikipedia with its multilingual textual information are the
perfect pair.

Most of the approaches tried to use Wikidata due to it being up to date while not
utilizing its structure. With small adjustments, many would also work on any
other KG. None of the investigated approaches tried to examine the performance
between different versions of Wikidata. As continuous evolution is a central
characteristic of Wikidata, a temporal analysis would be reasonable.

This survey aimed to identify the extent to which the current state of the art in
Wikidata EL is utilizing the characteristics of Wikidata. As only a few are using
more information than on other established KGs, there is still much potential for
future research.

Datasets. Only a limited amount of datasets were created entirely with Wikidata
in mind exist. Many datasets used are still only mapped versions of datasets created
for other knowledge bases. Multilingualism is present so far that some datasets
contain documents in different languages. However, only different documents
for different languages are available. Having the same documents in multiple
languages would be more helpful for an evaluation of multilingual Entity Linkers.
The fact that the Wikidata is ever-changing is also not genuinely considered in any
datasets. Always providing the dump version on which the dataset was created is
advisable. Great is that datasets from very different domains like news, forums,
research, tweets exist. The utterances can also vary from shorter texts with only a
few entities to large documents with many entities. The difficulty of the datasets
significantly differs in the ambiguity of the entity mentions. The datasets also
differ in quality. Some were automatically created and others annotated manually
by experts. There are no unanimously agreed upon datasets used for Wikidata EL.
Of course, a single dataset can not exist as different domains and text types make
different approaches, and hence datasets necessary.

3.8.2 Future Research Avenues

In general, Wikidata EL could be improved by including:
+ Hyper-relational statements which provide additional information
+ Type information for more than limiting the candidate space
« Inductive or efficently trainable knowledge graph embeddings

+ Item label and description information in multiple languages for multilingual
EL

The qualifier and rank information of Wikidata could be also suitable to do EL
on time-sensitive utterances (Agarwal et al., 2018). The problem evolves around
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utterances which talk about entities from different time points and spans and thus,
the referred entity can significantly diverge.

The usefulness of other characteristics of Wikidata, e.g., references, may be
limited but could make EL more challenging due to the inclusion of contradictory
information. Therefore, research into the consequences and solutions of conflicting
information would be advisable.

To reiterate, due to the fast rate of change of Wikidata, approaches are necessary,
which are more robust to such a dynamic KG. Continuously retraining transduc-
tive embeddings is intractable, so more sophisticated methods like inductive or
efficiently retrainable graph embeddings are a necessity.

Multilingual or cross-lingual EL is already tackled with Wikidata but currently
mainly by depending on Wikipedia. Using the available multilingual label/descrip-
tion information in a structured form together with the rich textual information
in Wikipedia could move the field forward.

It seems like there exist no commonly agreed on Wikidata EL datasets as shown
by a large number of different datasets the approaches were tested on. Such
datasets should try to represent the challenges of Wikidata like the time-variance,
contradictory triple information, noisy labels, and multilingualism.
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Abstract

Entity Linking is crucial for numerous downstream tasks, such as question answer-
ing, knowledge graph population, and general knowledge extraction. A frequently
overlooked aspect of entity linking is the potential encounter with entities not
yet present in a target knowledge graph. Although some recent studies have
addressed this issue, they primarily utilize full-text knowledge bases or depend
on external information such as crawled webpages. Full-text knowledge bases
are not available in all domains and using external information is connected to
increased effort. However, these resources are not available in most use cases.
In this work, we solely rely on the information within a knowledge graph and
assume no external information is accessible.
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4.1. Introduction

To investigate the challenge of identifying and disambiguating entities absent from
the knowledge graph, we introduce a comprehensive silver-standard benchmark
dataset that covers texts from 1999 to 2022. Based on our novel dataset, we
develop an approach using pre-trained language models and knowledge graph
embeddings without the need for a parallel full-text corpus. Moreover, by assess-
ing the influence of knowledge graph embeddings on the given task, we show
that implementing a sequential entity linking approach, which considers the
whole sentence, can outperform clustering techniques that handle each mention
separately in specific instances.

4.1 Introduction

Entity Linking (EL) ' is an essential part of numerous downstream tasks, such
as question answering (Lan et al., 2021), knowledge graph population (Ji and
Grishman, 2011) or relation extraction (Ji et al., 2022). Yet, EL is still accompanied
by several challenges. The main problem is the ambiguity of entity mentions.
If multiple entities in a knowledge graph (KG) can be referred to by the same
name, deciding on the correct one becomes increasingly difficult. The inclusion of
context information in the KG or in the input text is usually employed to solve
this.

A second problem, only rarely thoroughly considered is the possibility of out-
of-KG entities. These are entities that are referred to in the input text but do
not actually exist in the KG yet. '® Consider for example the news message
"The President of the Japan Football Association and deputy Olympic Committee
chief Kozo Tashima tests positive for COVID-19. Japan insists the 2020 Summer
Olympics will still go ahead as planned.". This message is from the beginning of
2020. The mentioned entity "COVID-19" might not yet have existed in a target
KG. Hence, an entity linker might link it to a different (likely coronavirus-related)
and thus incorrect entity. Most methods ignore this case by assuming that all
mentions truly refer to an entity in the KG.

We developed an integrated method that can identify and cluster out-of-KG
entities. While some methods do exist which consider this task jointly, they either
rely on external information (Hoffart et al., 2014; Wu et al.,, 2016; Zhang et al.,
2019) such as crawled webpages or exclusively focus on encyclopedias such as
Wikipedia as the underlying knowledge base (Blissett and Ji, 2019; Cassidy et al.,
2011; Dutta and Weikum, 2015; Fahrni et al., 2013; Graus et al., 2012; Greenfield
et al,, 2016; Huynh et al., 2013; Monahan et al., 2011; Tamang et al., 2012). We want
to offer an alternative utilizing purely KGs (Singhal, 2012), in our case Wikidata,
without using any external data.

Our contributions are as follows:

15. Note that in literature there is a separation between Entity Linking and Entity Disambiguation.
The latter means only the disambiguation part and not the entity mention recognition part.
According to this difference, we target Entity Disambiguation in this work, however, refer to it as
Entity Linking as used in many computational linguistics communities.

16. We abbreviate entities not in the KG as out-of-KG and entities in the KG as in-KG.
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1. A novel, openly available Entity Linking dataset containing out-of-KG
entities;

2. A sequential Entity Linking method supporting
(a) Detection of out-of-KG entities;

(b) Clustering of out-of-KG entities;

4.2 Method

4.2.1 Problem definition

Given a document d = (t,,1,, ..., t,) represented as a sequence of tokens t;, where
each token can be classified as part of a mention m; or not, the objective is to
construct a mapping function f : M — E that accurately associates each mention
m; € M to its corresponding entity e, € E. Entities can either be present in the
Knowledge Graph (KG) or absent from it. For mentions referring to entities not in
the KG, the aim is to associate them with one another.

Formally, let M = {m;,m,, ..., mp} be the set of mentions in the document, and
E = Eiyxc U Equrofxg be the set of entities, where E;,, g is the set of entities in the
KG and E,yofxc is the set of entities not in the KG. The goal is to find an optimal
mapping function f such that:

1. For each mention m; referring to an entity in the KG, f(m;) = ex € Ei,xc-

2. For each mention m; referring to an entity not in the KG, f(m;) = ¢ €
Eout-ofxGs and all mentions referring to the same entity outside the KG are
assigned to the same e.

4.2.2 Candidate Generation

As we focus on a KG-only use case, we can not rely on an existing entity mention
dictionary as utilized in other EL works (Le and Titov, 2018). '’ Hence, we can
only use information from the KG. This mainly restricts us to labels and aliases
existing for each entity. Thus, for candidate generation, we fill an ElasticSearch
index with all labels and aliases. We query this index using a combination of
TF-IDF and fuzzy search to compensate for less frequent words and possible typos
or other small variations. We retrieve a candidate set of size 100, giving us an
acceptable candidate recall. Due to this process, our method does not rely on a
parallel text corpus.

4.2.3 Entity Linker

The entity linker is a bi-encoder together with an additional ranking model. A
bi-encoder was chosen instead of a cross-encoder as it assumed that one needs

17. An exception in our work is the evaluation of the AIDA-CoNLL dataset. As many EL works
utilize the existing candidate set by Le and Titov (Le and Titov, 2018), we also relied on it to be
able to compare and verify the performance in a replicable way.
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to link against a large number of candidates. This is necessary to guarantee a
large enough recall in the candidate generation. A cross-encoder is deemed too
expensive in such a case as one would need to encode the text together with the
entity candidate of each mention multiple times. In a bi-encoder, the text and all
candidates are encoded separately. It consists of a mention encoder and an entity
encoder. Figure 4.1 depicts the model architecture.

Mention Encoder

The mention encoder is based on a pre-trained RoOBERTa model.’® For efficiency,
we opt for fine-tuning only bottleneck adapters (Houlsby et al., 2019) instead of
the whole model. The input to the model is the tokenized input text. All embedded
tokens of each entity are averaged and taken as their embedded representation.
Furthermore, the embedded representation is scaled via a linear layer to project it
to the same space as the entity embedding space. The final embedded vector is

defined as e,,.

Feature
vectors of

TranskE Mention candidates
Text Encoder
In 2009, /ongﬁally [
wanted Morricone to compose the transeg| transeq L
film score for The Hateful Eight. L_, | Average/Mean of
cos(transe., Y| .
'
- transe;) cos(em, ec) Out-of- .
KG b— . Ranker@ KG +— or
transe, detector O

Vi

QiD )
label Entity
definition Encoder

Figure 4.1: First stage - Entity linking and out-of-KG detection of the entity mention "The
Hateful Eight". The mention is encoded and compared against the entity encoding. The
out-degree of the candidate entities are retrieved. Furthermore, the KG embedding of the
candidate is compared against already linked entities. All features are fed into a ranker
which determines the correct candidate or detects the mention as out-of-KG. The different
colors represent different entities.

Entity Encoder

The entity encoder creates a latent representation of the KG entity by embedding
its definition. We define the definition of each entity as the value of a schema:

description triple in Wikidata. Note that we use the term definition instead
of description here as entity linking methods often refer to the first paragraph

18. We chose RoBERTa-base due to its improved performance over BERT and resource rea-
sons (Liu et al., 2019).
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of Wikipedia articles as descriptions. These are much longer than the short
descriptions in Wikidata.!” The definition embedding is generated by encoding
a concatenation of the entity’s main label and definition and feeding it into an
adapter-equipped RoBERTa model. The embedded vector of the [CLS] token is
taken as the representation of the entity and projected to the same vector space
as the mention embedding. The final definition vector of a node c is denoted as e,.

We consider three additional features for each entity: First, the popularity of a
node d. is measured by the number of outgoing edges of the entity in the KG. The
second feature is the TransE-embedded vector transe, of the node (Bordes et al.,
2013). And the last feature is the type information of an entity.

Ranker

After computing all mention encodings and all assigned candidate entity encodings,
as well as their features, it is necessary to combine and rank them. The highest-
ranked entity will be the one to which we link.

Linking In-KG candidates The final ranker is a linear layer combining all the
aforementioned features. For each candidate-mention-pair, the following inputs
are fed into a linear layer.

1. Cosine similarity cos(e, en) = .57 (< -,- > represents the dot product)

between mention embedding e,, and entity definition embedding e,

2. Node popularity in the form of out-degree d,

3. Average cosine similarity of the candidate TransE embedding to the TransE
embeddings of past linking decisions [, = cos(transe,, transe;)|i € D where
D is the set of the past linked entity identifiers

The final logits are calculated as follows (with @ denoting vector concatenation):

r. = Linear(cos(e, e,) ® d. ®I,)

Note that the fourth feature utilizes the TransE embeddings of past linking
decisions which introduces sequentiality. This implies that each linking decision
is influenced by the preceding decision within the same document.

out-of-KG decision The out-of-KG entity detection decision is determined by
looking at the maximum-scored entity candidate and deciding whether it is similar
enough to the mention. If not, it is an out-of-KG entity. During training, we rely on
softmax, to consider all candidates. First, o(r.) over all candidates is calculated and
then multiplied with the feature concatenation ”;i;’ﬁ;";”z @ d. @ I, of all candidates
to get an accumulated feature vector a. o stands here for the softmax operation
over all candidates. This vector is fed through another single-layer network to get

an additional scalar:

Tout-of-kG = Linear(a)

19. Of course, the model is compatible with long descriptions but we wanted to focus on the
difficulties of only using the information in a KG.
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By introducing this additional decision, we are able to detect out-of-KG entities
directly without relying on a validation dataset to tune a threshold. Also, it is not
necessary to train the model with actual out-of-KG entities. During training, the
model is trained by randomly including or excluding the true candidate from the
candidate list.

4.2.4 Clustering out-of-KG entities

A detected out-of-KG entity is represented by its mention embedding e,, and
its surrounding linked entities. To identify whether two out-of-KG entities refer
to each other, we apply a linear layer to two features: 1) the cosine similarity
between both entity embeddings, and 2) the mean cosine distance between the
TransE embeddings of the linked entities that surround the mentions. To obtain
informative cosine similarities, we further optimize the model to return larger
cosine similarities for mentions pointing to the same entity and smaller cosine
similarities for mentions pointing to different entities. It is trained via cross-
entropy loss where negative mentions are all other mentions in the same batch
not referring to the same entity. Using the pairwise scores output by the linear
layer, we cluster all out-of-KG detected entities via DBSCAN clustering.”® The
process is depicted in Figure 4.2.

Mentions Mentions
M1 M2 M3 M4 M1 M2 M3 M4
el 0.fn 0.0 O @®O0O0
2| Q750 |=>| 0 @ O
Doc. 3 (_!3/ ®

)y T Encoder

3 -
- Cosine| |
Sim. i .
. Linear Pairwise
Mean Layer similarity
-~ Cosine —>|
’ ~ .
V) Sim.

Figure 4.2: Second stage - Clustering the out-of-KG detected entities. Left: Mentions
before clustering with three ambiguous mentions. Right: Mentions after clustering with
one pair grouped together (green) and another being a singleton (red). Circles with
dotted borders illustrate out-of-KG entity mentions. Dotted arrows signalize the impact
of already linked entities on the similarity measure between mentions. Note that not all
dotted arrows are drawn to simplify the figure.

20. We also evaluated agglomerative average-linkage, maximum-linkage and single-linkage
clustering but achieved worse results.
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4.2.5 Training

The final loss function consists of multiple aggregated separate loss functions. For
entity linking, mention-mention similarity and mention-entity similarity cross-
entropy loss was employed. All losses are aggregated equally to return the final
loss. Early stopping with a patience of 10, warm-up and a linear learning rate decay
are employed. Due to the size of Wikidata, training our own embeddings was in-
tractable. Hence, we opted for the trained set provided by PyTorch-BigGraph (Lerer
et al., 2019). The model was trained for 30 epochs on a single NVIDIA RTX A6000
machine.

4.2.6 Inference

When the TransE embeddings are used as a feature in the ranker, beam search
with 10 beams is employed to identify the best sequence of linked entities. We
evaluated different window sizes for the included surrounding entities in both, the
sequential linking and the out-of-KG entity clustering, and determined a window
size of 6 as the best.

4.3 Experiments

The experiments are split into three parts. First, we evaluated the performance
of the chosen entity linking method in regard to the used features. The best-
performing model was then used further. Secondly, we evaluated the impact of
the out-of-KG detection mechanism. After the best model was determined, the
capability of methods to not only detect out-of-KG entities but also cluster them
is examined.

4.3.1 Methods

We compare our sequential method to three different clustering-based methods
which cluster all mentions and entities at once. They are the state-of-the-art
NASTyLinker by Heist et al. (Heist and Paulheim, 2023) (denoted NASTyLinker),
the top-down clustering approach by Kassner et al. (Kassner et al., 2022) (denoted
Edin) and the bottom-up clustering approach by Agarwal et al. (Agarwal et al.,
2022) (denoted bottom-up).?* All clustering methods are evaluated by using the
trained bi-encoders for computing the similarities between the mentions and the
ranker for the mention-candidate similarities.

4.3.2 Datasets

To examine how to handle out-of-KG entities in the task of EL, we created an
entity linking dataset from the current-events page of Wikipedia %, dubbed

21. Note that the original NASTyLinker used an additional cross-encoder. While we do not, a
cross-encoder is orthogonal to our changes and can be incorporated in our method as well. By
NASTyLinker we refer here to the employed clustering method, not the mention-entity scoring
mechanism.

22. https://en.wikipedia.org/wiki/Portal:Current_events
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Table 4.1: Statistics of Wikievents dataset

train dev test overall
# examples 63,623 11,205 11,206 86,034
# mentions 185,039 32,652 32,660 250,351
# out-of-KG mentions 0 2,579 2,519 5,098
# unique entities 38,066 9,349 9,386 45,655
# unique out-of-KG entities 0 751 734 1,221
Average of # mentions per example 2.9 291 2.91 2.9

Wikievents. On the current-events page, short news snippets stating recent
events are available. These texts contain hyperlinks to articles in Wikipedia. We
crawled the current-events page texts between 1999-12-29 and 2022-10-01. Each
hyperlink was identified and taken as an entity mention. The corresponding page
title of the Wikipedia article was mapped to the Wikidata QID. Furthermore, all
entity mentions retrieved were filtered further by only keeping those which are
instance of (P31) of some class and were no subclass of (P279) of any other
class. The data was split into a train, development, and test set according to the
ratios (0.74,0.13,0.13). The cutoff date for the knowledge graph and the examples
of the development and test sets are 2019-01-28. The development and test sets
are created by randomly splitting all examples after the cutoff date. The statistics
of the dataset can be found in Table 4.1. Note, the training dataset contains no
out-of-KG entities as the included texts all are from before the cutoff date.

Also, three examples from the dataset can be seen in Figure 4.3.

Additionally, we artificially added out-of-KG entities to the well-known AIDA-
CoNLL dataset (Hoffart et al., 2014). This dataset was chosen as it is a popular
dataset in the entity linking domain. The original dataset had only links to
Wikipedia which we mapped to Wikidata. out-of-KG entities were added by
gathering all occurring entities and randomly selecting 10% of all entities that
occurred and declaring them out-of-KG. We removed each mention of such an
entity from the AIDA-CoNLL training set.

Also, we removed all already existing out-of-KG entities to only focus on the
artificial ones. Note that those already existing were without identifiers and

Example 1: Hoda Muthana, an Alabama woman who joined the
Islamic State, is banned from entering the United States. .

Example 2: Peter Kaiser wins the 2019, 1000-mile Iditarod,
arriving in Nome in 9 days, 12 hours and 39 minutes..

Example 3: In the aftermath of Cyclone Idai, those infected by
cholera jump to 139 confirmed cases in Mozambique..

Figure 4.3: Wikievents example sentences. Entities marked in bold with Out-of-KG
entities being underlined.
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Table 4.2: Statistics of artificially created out-of-KG-entity enriched AIDA-CoNLL dataset
(statistics of the original dataset in brackets)

train dev test
# examples 946 (946) 216 (216) 231 (231)
# mentions 34,268 (46,678) 9,558 (11,824) 8,942 (11,206)
# out-of-KG mentions 0(9,710) 952 (2,252) 900 (2,262)
# unique entities 3,935 (4,065) 1,638 (1,641) 1,530 (1,532)
# unique out-of-KG entities 0 (0) 166 (0) 155 (0)
Average of # mentions per example 36.2 (49.3) 44.2 (54.7) 38.7 (48.5)

Table 4.3: Percentage of entities occurring in clusters of different sizes

Dataset Entity type 1 2 3 4 5 6-10 11-20 21-50 50-
Wikievents train in-KG 62.6 144 65 34 23 5.0 2.7 19 1.2
out-of-KG 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Wikievents dev in-KG 65.6 139 59 35 2.0 4.6 2.5 1.3 0.7
out-of-KG 754 121 49 15 09 2.5 0.7 1.1 0.9
Wikievents test in-KG 65.8 139 58 31 22 4.7 2.2 1.6 0.6
out-of-KG  75.7 125 29 25 14 1.9 1.1 1.1 1.0
AIDA-CoNLL train in-KG 456 191 93 72 35 8.8 3.3 24 09
out-of-KG 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AIDA-CoNLL testa in-KG 544 212 65 4.8 24 6.7 2.5 1.2 0.3
out-of-KG 476 241 72 48 24 10.2 3.0 0.6 0.0
AIDA-CoNLL testb in-KG 484 223 9.7 71 3.7 5.1 2.0 15 0.2
out-of-KG 484 258 7.7 39 45 5.8 2.6 0.6 0.6

therefore not of use for our setting. The statistics of the AIDA datasets can be
found in Table 4.2. In brackets, the original statistics can be found. Note that this
version of AIDA-CoNLL is already mapped to Wikidata. Additional statistics on
the mention clusters in the datasets can be found in Table 4.3.

4.3.3 Evaluation metrics

To evaluate the performance of the EL without out-of-KG detection, we report
the in-KG linking accuracy. It is calculated by dividing the number of correctly
linked mentions by the number of all mentions. EL with out-of-KG detection is
evaluated by calculating the Precision, Recall and F-measure. The true positives

are entity mentions detected correctly as being in the KG and correctly linked.

False positives are entity mentions which were incorrectly linked to entities in the
KG. This encompasses entity mentions referring to entities in the KG and entity
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Table 4.4: Comparison of entity linking performance with different features on AIDA-
CoNLL (repeated with three different seeds)

Model Accuracy
Mention Encoder 0.852 + 0.002
Pop. 0.615 = 0.000
TransE. 0.643 + 0.000
Mention Encoder + Pop. 0.850 £ 0.002
Mention Encoder + TransE 0.866 = 0.003

Mention Encoder. + Pop. + TransE 0.868 + 0.004

mentions not existing in the KG yet. Lastly, false negatives are entity mentions
which do refer to being in the KG but are detected as being out-of-KG.

Lastly, to evaluate the clustering performance, we measured the CEAF, MUC and
B? as commonly employed in coreference resolution (Moosavi and Strube, 2016).
Furthermore, we report the in-KG F-measure, the out-of-KG F-measure (defined
by Kassner et al. (Kassner et al., 2022)) and the combination of them F““GF#‘KG
These measures are reported for out-of-KG entity mentions and entity mentions
in the KG.

4.3.4 Results

Entity Linking Performance

In the first step, we evaluated how the different features affected the entity linking
performance on the modified AIDA-CoNLL dataset. In this section, our primary
goal is to select a suitable entity linking method that will be effective in the later
stages of our research, particularly for handling out-of-KG entities. As such, we
have opted not to compare our approach with other existing methods at this point,
instead concentrating on identifying the specific features and determining the
potential advantages of a sequential linking method. As can be seen in Table 4.4,
the mention encoder itself already contributes the most to the overall performance.
The popularity contributes only slightly. Nevertheless we see that popularity is
still a feature disambiguating nearly 61.5% of all mentions.

out-of-KG detection

In the Tables 4.5, we show the precision, recall and F-measure of the models trained
with different out-of-KG ratios (how likely the true candidate is removed from the
candidate set). As can be seen, the recall is the largest if the model can ignore to
detect out-of-KG entities. This is the case as no entity mentions are filtered out
and all are linked to an entity in the KG. However, the precision is lower as all
out-of-KG entities are misdetected as being in the KG and hence automatically
also mislinked. The larger the ratio is, the higher the precision becomes. Of course,
when only out-of-KG entities occur in the training data, the precision decreases
again as the model does not learn to link at all. Interestingly, the maximum F-
measure is reached at different points for the different datasets. For AIDA-CoNLL,
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Table 4.5: Effect of different sample ratios for out-of-KG entities on entity linking
performance

(a) AIDA-testb (b) Wikievents-test

out-of-KG ratio P R F1 out-of-KG ratio P R F1

0.0 0.795 0.867 0.829 0.0 0.771 0.834 0.801
0.05 0.860 0.844 0.852 0.05 0.819 0.831 0.825
0.1 0.860 0.827 0.843 0.1 0.832 0.829 0.830
0.2 0.875 0.815 0.844 0.2 0.851 0.824 0.837
0.3 0.875 0.804 0.838 0.3 0.861 0.820 0.840
0.4 0.872 0.788 0.828 0.4 0.875 0.816 0.845
0.5 0.880 0.756 0.814 0.5 0.887 0.809 0.846
1.0 0.447 0.071 0.122 1.0 0.011 0.000 0.001

the largest F-measure is reached at a small out-of-KG ratio of 0.05 while for the
Wikievents-test set it is reached at 0.50 (From 0.60 on it decreased for Wikievents).
We suspect that this is the case as the candidate sets in both cases have a different
candidate gold-candidate recall rate (how often the true entity is in the candidate
set). For AIDA-testb, the gold-candidate recall is 0.97, while for Wikievents it is
0.89.2 Hence in AIDA, a larger ratio leads to more entity mentions detected as
out-of-KG while the true entity is in the candidate set. Nevertheless, it is clear,
that incorporating the detection of out-of-KG entities during training leads to
a higher F-measure.

Clustering out-of-KG entities

For all four methods, the hyperparameters were tuned on the validation set and
then used on the test set in regard to the combined F-measure of out-of-KG entity
linking and in-KG entity linking. The metrics are presented separately for in-KG
entities and out-of-KG entities.**

As can be seen in Table 4.6a for AIDA-CoNLL, the clustering methods often
outperform the sequential method on the clustering metrics for the out-of-KG
entities. For the in-KG entities the sequential method comes close but does not
outperform the best performing clustering methods. In regard to the F-measure,
the in-KG entity linking performance of the sequential method outperforms all
others. For the out-of-KG entity linking, the best performing model is the Edin
clustering method. The sequential method has the second-best performance here.
The SOTA NASTyLinker is outperformed by both. The additional KG information
does help the entity linking process of the in-KG entities while it does not help
the clustering of out-of-KG entities.

23. These rates are not in conflict with the previous statement that Wikievents mentions are less
ambiguous. Different candidate generation methods were applied as mentioned in 4.2.2 resulting
in different gold-candidate recall rates.

24. in-KG entities are considered here as well as they can also occur in the out-of-KG entity
detection. We also conducted the experiments while assuming a perfect out-of-KG detection result
and achieved similar results.
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Table 4.6: Clustering performance (Thresholds determined on validation set). Best in bold,
second best underlined.

(a) AIDA-CONLL testb

Sequential ~ Seq. w/o TransE  Bottom-up Edin NASTyLinker
CEAFjnkg  0.929 + 0.002 0.929 + 0.002 0.888 £ 0.010 0.938 +0.005 0.932 + 0.001
MUCjkg ~ 0.989 £ 0.000 0.989 £ 0.000 0.985 £ 0.001 0.993 £ 0.000 0.991 + 0.001
B3inkg 0.938 £ 0.001 0.938 £ 0.001 0.916 £ 0.005 0.952 +0.003 0.944 + 0.002
MUCoorg  0.981 £ 0.001 0.981 £ 0.001 0.957 £ 0.002 0.992 + 0.001 0.989 + 0.001
B3ookg 0.866 * 0.004 0.864 + 0.006 0.594 + 0.025 0.958 £0.003 0.929 + 0.017
CEAF,okg  0.821 £ 0.009 0.819 £ 0.011 0.450 £ 0.022 0.945 £ 0.004 0.911 + 0.021
Flinkg 0.843 £ 0.002  0.843 +0.002  0.826 £ 0.001 0.836 £ 0.005 0.831 = 0.009
Flookg 0.605 + 0.014 0.603 £ 0.016 0.048 £ 0.004 0.613 +£0.021 0.534 + 0.047
Fleombined 0.724 £ 0.007 0723 £0.009  0.437 £ 0.001 0.725 £ 0.013  0.682 + 0.027

(b) Wikievents-test

Sequential  Seq. w/o TransE  Bottom-up Edin NASTyLinker
CEAFjnkg 0.894 +0.002 0.894 + 0.001 0.875 + 0.008 0.906 + 0.004 0.927 £ 0.001
MUCjnkg  0.951 £ 0.000 0.951 £ 0.000 0.939 £ 0.001 0.950 £ 0.000 0.963 + 0.000
B3inkg 0.911 £ 0.001 0.910 £ 0.001 0.882 £ 0.005 0.924 £ 0.002 0.933 + 0.001
MUCoorg  0.915 + 0.001 0.912 £ 0.001 0.900 £ 0.002 0.862 = 0.000 0.931 + 0.001
B3ookg 0.714 + 0.003 0.726 + 0.004 0.680 £ 0.019 0.693 £ 0.003 0.758 £ 0.016
CEAFookg 0.621 £ 0.008 0.628 + 0.006 0.653 £ 0.024 0.652 £ 0.004 0.738 £0.017
Flinkg 0.840 = 0.002 0.840 + 0.001 0.805 £ 0.001 0.844 £ 0.004 0.847 £ 0.007
Flookg 0.299 £ 0.014 0.303 + 0.009 0.180 £ 0.002 0.303 +£ 0.021 0.403 + 0.043
Fleombined 0.570 £ 0.009  0.572 % 0.005  0.493 + 0.001 0.573 £ 0.014 0.625 + 0.015

For the Wikievents dataset, the sequential method is outperformed by the cluster-
ing methods on both, the clustering metrics and the F-measures (see Table 4.6b).
We suspect that this is the case due fewer entities co-occurring in the Wikievents
dataset. This delivers less context in the form of already linked entities when
using the TransE encodings. This leads to fewer benefits for the in-KG entity
linking as well as more noise for clustering the out-of-KG entity mentions. The
best performing model is the NASTyLinker. Additionally, we examined the wrong
clusters when using the mention encoder and identified that most often COVID-
related entities are clustered together. As the model was trained on data before
COVID-19 had an impact it struggles to differentiate entities related to this as they
are syntactically very close. The clustering performance for all methods is reduced
in comparison to the AIDA-CoNLL dataset. Evidently, the clustering of out-of-
KG entities is more challenging on the Wikievents dataset. This introduces a
new research avenue.

In contrast to the positive impact of knowledge graph (KG) information on in-KG

entity linking, incorporating it into the clustering of out-of-KG entities has a
negligible effect. This is the case for both datasets.
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4.4 Related Work

Entity linking methods can be categorized into two types. First, discriminative
methods that are based on the bi-encoder / cross-encoder pairing (Ayoola et
al.,, 2022; Logeswaran et al., 2019; Wu, Petroni, et al., 2020). Both encoders are
commonly BERT-like models. The bi-encoder encodes the description of each
entity and matches it to the text by using an approximate nearest neighbor search.
This is important as the next step, the cross-encoding, is expensive. Here, those
neighbors are reranked by applying a cross-encoder to the concatenation of both,
the input text and the entity description. The highest-ranked entity is then the
final linked one. Another type of entity linker is based on generative models (Cao
et al., 2021; De Cao et al., 2022). Here, instead of using some external description of
an entity, the whole model memorizes the knowledge graph (KG) during training.
The linked entity is then directly generated by the model. Such methods skip
the problem of mining negatives which are crucial for a good performance of
bi-encoder-based methods. Our method follows the discriminative paradigm.

State-of-the-Art entity linking methods often do not consider out-of-KG entities.
This is most apparent when examining the most common EL evaluation dataset.
AIDA-CoNLL (Hoffart et al., 2014) does contain out-of-KG entities but even in the
original paper, they were ignored during evaluation. As a consequence of that,
most subsequent methods ignore them as well. However, there exist certain entity
linking subtasks where out-of-KG entities are of importance.

NIL-Clustering, introduced at TAC-2011 (Ji and Grishman, 2011), focuses on linking
a whole batch of documents at once. Notably, the entity mentions occurring also
contain out-of-KG entities, here called NIL entities. The goal is to not only link the
in-KG entities but also the out-of-KG entities. In essence, this leads to a clustering
of all documents. Naturally, most methods employ clustering techniques (Blissett
and Ji, 2019; Cassidy et al., 2011; Dutta and Weikum, 2015; Fahrni et al., 2013;
Graus et al., 2012; Greenfield et al., 2016; Huynh et al., 2013; Monahan et al,,
2011; Tamang et al., 2012). These methods focus on Wikipedia while we focus on
Wikidata as a proper KG.

Hoffart et al. (Hoffart et al., 2014), introduced the task of emerging entity discovery
in 2014. Here, the goal is to link entities, occurring in incoming texts, while also
being able to discover emerging entities. These are entities that are out-of-KG and
recently created. For example, news articles might contain emerging entities as
certain events occurring are entities but might not yet be added to the KG. To solve
this problem of discovering emerging entities, auxiliary information is considered.
The auxiliary information used is often retrieved from external documents such
as crawled webpages (Hoffart et al., 2014; Wu et al,, 2016; Zhang et al., 2019). In
our work, we avoid external documents and solely focus on detecting out-of-KG
entities by checking the candidates. Hoffart et al. published the AIDA-EE dataset
but it is not freely available.

Since 2022, several new works on the subject matter were published. The EDIN
benchmark (Kassner et al., 2022) focuses on the adaptation of an entity linking
model to support unknown entities. Here, the training is split into two parts, a
regular entity linking training and an adaptation phase where unknown entities

93



4.4. Related Work

are encountered. The EDIN benchmark focuses on Wikipedia and introduces an
adaptation phase. In contrast to that, we do not expect any adaptation data to be
available.

TempEL (Zaporojets et al., 2022) is a benchmark focusing on the linking of evolving
and emerging entities. However, the assumption here is that long well-formulated
descriptions of emerging entities do exist. It is a more specific case of the zero-shot
setting. No entities are encountered, for which no description exists. This differs
from this work as we do not assume that any additional information is available
for the out-of-KG entities.

Agarwal et al. (Agarwal et al., 2022) consider the detection of out-of-KG entities
but they again assume long well-formulated descriptions of the in-KG entities.

The NILK dataset (Iurshina et al., 2022) is a dataset similar to ours but it is not
accompanied by an entity linking model. The dataset was excluded from our
evaluation due to its mention-focused construction. Specifically, each instance
in the dataset consists of a single mention and its corresponding context. The
dataset’s train/dev/test split was created by partitioning the set of identified
mentions. As a result, mentions of same sentences may appear in multiple
splits, which poses a challenge for our approach since it depends on contextual
information from other mentions within the same sentence. Consequently, the
NILK dataset is not suitable for evaluating our method.

The NASTyLinker by Heist et al. (Heist and Paulheim, 2023) introduced a new
clustering method and incorporated the scores of a cross-encoder in the clustering
process. It was evaluated on the task of NIL-Clustering and focused on the NILK
dataset with Wikipedia descriptions.

The work by Pozzi et al. (Pozzi et al., 2022) focuses on Wikipedia and examines
the detection and clustering of out-of-KG as well. They modify an existing dataset
to include out-of-KG entities as well. We additionally offer a dataset with true
out-of-KG entities and provide its KG. Also, we do not assume to have knowledge
about out-of-KG entities during training. In our case, they are only encountered
during the evaluation. Finally, we put a greater focus on the out-of-KG detection
mechanism.

The method by Dong et al. (Dong et al., 2023) relies on the availability of out-of-KG
entities during training time. This differs from our method as we do not assume
that this is the case.

The clustering of out-of-KG entities is related to cross-document coreference
resolution (Bagga and Baldwin, 1998; Cattan et al., 2021; Monahan et al., 2011;
Singh et al., 2011). However, we limit the clustering only to out-of-KG detected
entity mentions and include information available in KG to support the clustering.

There exist several other methods (Ristoski et al., 2021; Sevgili et al., 2019) which
include KG embeddings into the EL process. However, we are the first to examine
their impact on the clustering of out-of-KG entities.
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4.5 Future Work

In the future, we want to improve upon the results by using a more sophisti-
cated training regime. For example, hard-negative sampling or arborescence
sampling (Agarwal et al., 2022) could be employed which could improve the
performance. Also, to improve the performance of the out-of-KG detection, it
would make sense to introduce more methods from novelty detection (Yang et al.,
2024) or open-set recognition (Geng et al., 2021) which specifically focus on the
detection of instances of classes not encountered during training. Furthermore,
the candidate generation can be improved by not relying on TF-IDF but embedding
all entity definitions in a latent space and retrieving candidates by a k-nearest
neighbor search.

Most importantly, we will look into creating another suitable dataset containing
out-of-KG entities. While the Wikievents dataset includes them in a natural
way, it is limited to short texts with only a small amount of context information.
Alternatively, models which can cope with small amounts of input data need to be
developed. Furthermore, Wikievents and AIDA-CoNLL focus on the news domain.
Cleaner and less ambiguous texts are more common here. This can be seen by the
good performance of the lexical similarity measures when clustering. However,
out-of-KG entities also exist in other contexts like historical documents which
tend to be noisier and thus challenging (Menzel et al., 2021).

4.6 Conclusion

We developed the Wikievents entity linking dataset, which contains out-of-KG
entities, and demonstrated that it presents a significant challenge for clustering
such entities. Moreover, we designed and assessed a sequential method that
initially links entities or identifies them as out-of-KG, and subsequently clusters
all out-of-KG entities for disambiguation.

Our findings reveal that our sequential method’s ability to consider the entire
sentence allows it to perform on par with or even surpass methods that cluster all
mentions jointly in some cases. We also demonstrated the feasibility of learning
out-of-KG entity detection during training and highlighted the importance of
incorporating them to an appropriate degree.

Thus, we were able to show, that our approach which relies exclusively on
information within a knowledge graph, eliminating dependency on lengthy textual
descriptions is an alternative for Entity Linking with Out-of-Knowledge-Graph
Entity Detection and Clustering.

4.7 Limitations
One limitation of this study is that only one type of graph embedding was
considered, and different embeddings like DistMult, ComplEx, etc., might result

in different performance outcomes. Additionally, due to hardware limitations,
we couldn’t perform pre-training of the Entity Linker (EL) on a large corpus like
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Wikipedia, which is common in many entity linking methods today. Finally, it’s
important to note that we assumed entity mentions in the text are already detected,
but detecting entirely new entity mentions is a challenge and crucial for real-world
applications.

Supplemental Material Statement: Source code and datasets are available at
https://github.com/semantic-systems/out-of-kg-el.
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Abstract

The task of zero-shot relation extraction focuses on the extraction of relations not
seen during training time. Commonly, additional information about the relation
such as the relation name or a description of the relation is utilised. In this work,
we analyze whether a relation extractor can benefit from the inclusion of fine-
grained type information about the involved entities. This is based on the intuition
that relation descriptions might contain ontological information on the domain
and range of the entity types that are usually put into relation. For that, we follow
a cross-encoding setup where we encode both, the entity information and relation
information, as one sequence and learn to score the representation. We examine
this method on several datasets and show that the inclusion of the fine-grained
type information leads to an improvement in performance.
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5.1. Introduction

5.1 Introduction

Identifying the relation that is expressed between entities is a very important
subproblem of various downstream tasks. For instance, it is critical to handle
semantic-web-related tasks such as knowledge graph question answering or
knowledge graph population. Usually, it is assumed that the encountered relations
are known before. Zero-shot relation extraction breaks with this assumption.
During inference time, the goal is to extract entirely new relations not seen before
during training time.

With the establishment of pre-trained models, this goal becomes achievable. Those
models are trained on large corpora of textual data in an unsupervised way. In
zero-shot relation extraction, one assumes that some information on the new
relations is available. The simplest kind of information is a label describing the
relation. But this only works if the relation label co-occurs with a similar context
as encountered during the training of the pre-trained models. If this is not the case,
using additional information such as a description of the relation is necessary.

In this work, we analyse the impact of combining fine-grained type information
and the relation description on the relation extraction performance. This is based
on the assumption that the descriptions contain valuable information on the types
of the involved entities. For example, the description of the relation director
states director(s) of film, TV-series, stageplay, video game or
similar. Therefore it is clear, that the relation should not be used when talking
about board members of a company, also sometimes referred to as directors. We
incorporate fine-grained type information extracted from Wikidata together with
the relation descriptions in the relation extraction process.

The contributions are:

« Zero-shot relation extraction model using fine-grained type information
and relation descriptions

« Ablation study on the impact of fine-grained type information and relation
descriptions on the performance

5.2 Methodology

5.2.1 Problem Definition

The problem of relation extraction can be defined as follows: Given an input
text ¢, an annotated head h and tail entity e, identify the correct relation r as
expressed in the text. Zero-shot relation extraction separates the set of relations
encountered during training from the ones encountered during inference. Hence,
during training time, the set of available relations is Ry,;,, while during test time,
the set is Rie. It holds that Ry, N Riest = @. Also, no annotated examples
containing any relations in set R are available during inference time. Additional

25. Code/Data available at: https://github.com/semantic-systems/zero-shot-re
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information defining the relation is available. We assume labels, descriptions and
type information on entities to be available.

5.2.2 Method

To study the impact of fine-grained type information, we opt to extend a simple
but powerful model introduced by Lan et al. (Lan et al., 2023). Hence, we cross-
encode the information of the text and the relation information in a single input.
Different from their work, we do not solely rely on the relation label but also
include the relation description. Additionally, we assume the existence of fine-
grained types for both, the head and the tail relation, extracted using the P31
relation in Wikidata. We include the relation description under the assumption
that it contains valuable ontological information referring to the fine-grained
types of the considered entities. For example, for the relation shipping port, the
description is

shipping port of the vessel (if different from
"ship registry"): For civilian ships, the
primary port from which the ship operates ...

We denote the types of the head entity by 7, and the types of the tail entity by
T:. Additionally, for each type of an entity, we extract the label describing the
type (e.g., human for Q5). The input x to the model then consists of four different
segments. The first segment describes the head entity:

Head Entity : {l;} with Types : {T,}

and the second segment describes the tail entity:
Tail Entity : {3} with Types : {T,}
where [, denotes the label of the head entity h or tail entity ¢. T is the concatenation
of the labels of the types of the head or tail entity T;, = P,s. L.
The third segment gives information on the input text:

Context : {c}

The final segment gives information on the relation:

{l.,} defined as {d.}

where [, denotes the label of the relation r and d, is the description of the relation
r.

All segments are then combined into a single coherent text as follows:

[CLS] Given the Head Entity : {[;} with
Types : {T;}, Tail Entity : {L} with

Types : {I;} and Context : {c}, the context
expresses the relation [SEP] {l,} defined
as {d.} [SEP]
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[CLS] Given the Head Entity : Barack Obama with [CLS] Given the Head Entity : Barack Obama with
Types : human, Tail Entity : Michele with Types : human, Tail Entity : Michele with
Types : human and Context : Michele married Types : human and Context : Michele married

Barack Obamalin1992, the context
expresses the relation [SEP]

BEEHPENBH defined as

[SEP]

Barack Obamalin'1992, the context

expresses the relation [SEP] defined
as
[SEP]

BERT |  eeseccecmmmmmeceeee. BERT

VYV YVY VYV YVY

¥ | T

0.9 0.3 0.75 0.1

Figure 5.1: Model overview: Green specifies the types, blue the entities, orange the context,
red the relation label and Purple the description of the relation.

The whole text is then fed into an encoder-only model f(x) which returns a
sequence of vectors ejcLs] ... esep]- The vector ejcrs) is then taken and fed a input
to a linear layer which then returns a final score.

S = l(e[CLS])

This is done for each potential relation, which gives us |Ry.| scores. The highest
score is taken as the predicted relation. All potential relations are known before-
hand. During training, the model is optimized using cross-entropy loss. Each
example contains a single positive relation. The model trains to differentiate it
against other relations by comparing it against incorrect relations. For that, n
other relations are sampled and used as negative examples. 2°

An overview of the model can be found in Figure 5.1.

5.3 Evaluation

We evaluate the model on two popular datasets, FewRel and Wiki-ZSL. Both
datasets were annotated on Wikipedia article texts. FewRel is originally a few-
shot relation extraction dataset annotated by Han et al. (Han et al., 2018). The
dataset was modified for zero-shot purposes by Chia et al. (Chia et al., 2022). They
split the training, validation and test examples by their relations into disjoint sets.
Wiki-ZSL is a zero-shot relation extraction dataset created by Chen et al. (Chen and
Li, 2021) based on the Wiki-KB (Sorokin and Gurevych, 2017). As the entities and
relations in both datasets are linked to Wikidata, we focus on it as the knowledge
graph providing the fine-grained entity types.

In each dataset, the set of relations in the training and test dataset is disjoint and
randomly assigned. Three different settings are examined per dataset. Each setting
considers a different number of relations in the train, validation and test set. The

26. In our experiments we set n = 5.
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number of relations in the validation/test set varies between m = 5, m = 10 and
m = 15 relations. These relations are randomly picked and the remaining relations
are assigned to the training set.

To handle the considerable noise induced by the random selection of the relations,
the dataset for m = 5, m = 10 and m = 15 were randomly split into train, validation
and test sets for five times. A method is evaluated on each split and the results are
averaged.

As metrics, precision, recall and F1 are calculated. All metrics are computed in a
macro setting which means that for each relation the precision, recall and F1 are
calculated and then averaged over all relations.

We compare our method, called TMC-BERT, against several methods: CIM (Rock-
taschel et al., 2016) solves the task as a textual entailment problem where the rela-
tion descriptions and the input sentence are given to a Natural Language Inference
model to classify whether the input sentence entails the relation description. This
is done for all potential relations and the highest scoring is taken. ZS-BERT (Chen
and Li, 2021) encodes the input sentence as well as the relation descriptions into a
dense vector space. An nearest neighbor search is conducted over all the encodings
of the relation descriptions given the input sentence. The closest relation encoding
is the final relation. Tran et al. (2022) (Tran et al., 2022) again encode the input
sentence and relation descriptions into a dense vector space. They additionally
employ a contrastive-learning inspired loss on the input sentence and relation
encodings. The final scoring is achieved by concatenating the relation encoding
and the sentence encoding and feeding it into a linear layer. RE-Matching (Zhao,
Zhan, et al., 2023) encodes the input sentence and relation descriptions as well but
uses feature distillation to calculate a similarity score based on more fine-grained
feature interactions. RelationPrompt (Chia et al., 2022) relies on a generative
model to generate synthetic data as additional training samples. At the same time,
the generative model is also used to generate a relation given the sentence and the
two entities as input. We compare against the model with (RelationPrompt) and
without (RelationPrompt NG) synthetic training data. MC-BERT (Lan et al., 2023)
models the relation extraction similar to us as a multiple-choice problem where
the input sentence and the relation label are rearranged together in a natural
sentence, encoded and scored. DSP-ZRSC (Lv et al., 2023) solves the problem via
Discriminative Soft Prompting where the input text, the entities and all relation
labels are concatenated, fed into a prompt discriminative language model and
each relation label is scored. Tran et al. (2023) (Tran et al., 2023) solve it as a
representation learning problem and introduce a second loss term incorporating
the degree of correlation between sentences and relations.

BERT-base-case was used as the model to stay comparable to MC-BERT. The model
was fine-tuned on two NVIDIA A6000s with a batch size of 48 and a learning rate
of 5e — 5.

5.3.1 Results

As can be seen in Table 5.1, the incorporation of type-related information leads
to a large increase in performance on several datasets in comparison to regular
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Table 5.1: Results on FewRel and Wiki-ZSL

Wiki-ZSL FewRel
m Model P R F1 P R F1
CIM 49.63 48.81 49.22 58.05 61.92 59.92
ZS-BERT 71.54 7239 7196 7696 7886 77.90

Tran et al. (2022) 87.48 77.50 82.19 87.11 86.29 86.69
RelationPrompt NG 51.78 46.76 48.93 7236 58.61 64.57
RelationPrompt 70.66 83.75 76.63 90.15 88.50 89.30
RE-Matching 78.19 7841 7830 92.82 9234 9258

DSP-ZRSC 941 771 848 934 925 929
Tran et al. (2023) 94.50 96.48 95.46 96.36 96.68 96.51
MC-BERT 80.28 84.03 82.11 90.82 90.13 90.47
TMC-BERT 90.11 87.89 88.92 93.94 93.30 93.62
CIM 46.54 4790 45.57 4739 49.11 48.23
ZS-BERT 60.51 60.98 60.74 56.92 57.59 57.25

Tran et al. (2022) 7159 64.69 67.94 6441 62.61 63.50
RelationPrompt NG 54.87 36.52 43.80 66.47 48.28 55.61
RelationPrompt 68.51 74.76 71.50 80.33 79.62 79.96
RE-Matching 7439 7354 7396 83.21 82.64 82.93

10

DSP-ZRSC 80.0 740 769 80.7 88.0 84.2
Tran et al. (2023) 85.43 88.14 86.74 81.13 82.24 81.68
MC-BERT 72.81 7396 7338 86.57 85.27 85.92
TMC-BERT 81.21 81.27 81.23 84.42 8499 85.68
CIM 29.17 30.58 29.86 31.83 33.06 32.43
ZS-BERT 34.12 3438 34.25 3554 38.19 36.82

Tran et al. (2022) 3837 36.05 37.17 43.96 39.11 41.36
RelationPrompt NG 54.45 29.43 37.45 66.49 40.05 49.38
RelationPrompt 63.69 6793 65.74 7433 7251 73.40
RE-Matching 67.31 6733 67.32 73.80 73.52 73.66

15

DSP-ZRSC 775 644 704 829 781 804
Tran et al. (2023) 64.68 65.01 6530 66.44 69.29 67.82
MC-BERT 65.71 67.11 6640 80.71 79.84 80.27

TMC-BERT 73.62 74.07 73.77 82.11 79.93 81.00

MC-BERT. On Wiki-ZSL, the performance increases vary between 6 and nearly
8 F1 points. The type-related information has a great impact on, both, recall
and precision. On FewRel, the performance increases when considering 5 or 15
unseen relations. However, the performance increases are less pronounced. In
comparison to the current SOTA method by Tran et al. (Tran et al., 2023), TMC-
BERT considerably surpasses its performance when confronted with 15 unseen
relations. This is the most complex setting as much fewer examples and relations
are available during training while more potential relations are encountered during
inference. Here, the additional type information helps a lot. Furthermore, the
inclusion of fine-grained type information is orthogonal to the properties of the
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method by Tran et al. (Tran et al., 2023). Their method could benefit from it as
well.

5.3.2 Ablation study

To examine what changes lead to the large increase in performance, we conducted
an ablation study on the incorporation of different kinds of information. Here, we
differentiated between three cases:

1. TMC-BERT

2. TMC having the types of the subject and object entity removed (TMC-BERT
w/o types)

3. TMC having the description of the relation removed (TMC-BERT w/o desc.)

Table 5.2: Ablation study of on FewRel and Wiki-ZSL

Wiki-ZSL FewRel
m Model P R F1 P R F1

TMC-BERT w/o desc. 85.56 84.07 84.74 93.96 93.26 93.61
5 TMC-BERT w/o types 85.00 84.41 84.68 93.33 92.50 92.91
TMC-BERT 90.11 87.89 88.92 9394 93.30 93.62

TMC-BERT w/o desc. 77.26 78.16 77.70 85.24 83.29 84.25
10 TMC-BERT w/o types 74.89 76.05 7546 85.16 83.36 84.24
TMC-BERT 81.21 81.27 81.23 84.42 84.99 85.68

TMC-BERT w/o desc. 7233 71.16 71.73 79.22 76.46 79.79
15 TMC-BERT w/o types 6853 69.81 69.16 79.22 78.19 78.69
TMC-BERT 73.62 74.07 73.77 82.11 79.93 81.00

As can be seen in Table 5.2, the addition of the relation description alone was the
least beneficial type of information. Adding information on relation types leads
to a larger improvement, probably as the pre-trained model already associates
specific types with certain relation labels. Finally, the ablation study shows that
the relation description and fine-grained entity type information complement each
other, as using each separately does not lead to as large a decrease in performance
as using them together.

5.3.3 Entity Linking impact

As it is not realistic that fine-grained type information is always available, we also
evaluate the model when identifying entity types using an entity linker (EL). For
that, we train the model with known entity types but evaluate with the entity
types as retrieved by an entity linker. As an entity linker, we use ReFinED (Ayoola
et al., 2022). As can be seen in Table 5.3, the performance diminishes when using
types identified through entity linking. On Wiki-ZSL, the performance is still
surpassing the existing SOTA results at all times. On FewRel, the performance is
still greater when only confronted with five relations but decreases more when

103



5.3. Evaluation

having to predict 10 or 15 relations. One reason might be that the entity linking
performance is lower on FewRel than on Wiki-ZSL.

Table 5.3: Results on FewRel and Wiki-ZSL when using an entity linker

Wiki-ZSL FewRel
m Model P R F1 P R F1

TMC-BERT 90.11 87.89 88.92 9394 9330 93.62
TMC-BERT + EL 88.44 87.07 87.73 93.94 93.35 93.64

TMC-BERT 81.21 81.27 81.23 84.42 8499 85.68

10 TMC-BERT + EL 81.16 81.22 81.18 84.88 83.43 84.14

TMC-BERT 73.62 74.07 73.77 82.11 79.93 81.00

15 TMC-BERT + EL 73.53 7396 73.67 80.87 78.74 79.78

5.3.4 Case study

Table 5.4 illustrates two instances where the inclusion of type information or
relation descriptions proved beneficial. In the first case, specifying that MMORPG
belongs to the video game genre facilitated the correct classification of the genre
relation. In the second example, highlighting that bass is a voice type aligned the
type label precisely with the voice type relation label. Additionally, the relation
description directly addressed the voice type of bass.
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Table 5.4: Comparison of the performance of TMC-BERT and MC-BERT on two different
examples. Ground-truth relations are shown in bold. The interacting entities and their
types are shown in dictionaries following the sentences.

Method TMC-BERT MC-BERT

Sentence Gravity Corporation is a South Korean video game corporation
primarily known for the development of the MMORPG Ragnarok
Online. {MMORPG: video game genre; Ragnarok Online: video

game}
Classified  genre manufacturer
Relation
Description creative work’s genre or an main use of the subject (in-
of Relation artist’s field of work cludes current and former us-

age)

Sentence  Putnam Griswold (1875-1914) was an American opera singer
with entity (bass), born in Minneapolis, Minnesota. {Putnam Griswold:

types human, bass: voice type}

Classified  voice type use

Relation

Description person’s voice type. main use of the subject (in-

of Relation expected values: soprano, cludes current and former us-
mezzo-soprano, contralto, age)
countertenor, tenor, baritone,
bass (and derivatives)

5.4 Related Work

Commonly, relation extraction is tackled as classification problem. Usually, the in-
put text is encoded and a classification head is attached. To encode text, CNNs (Zeng
et al., 2014), RNNs (Miwa and Bansal, 2016) or transformers (Zhong and Chen,
2021) are usually employed. Recently, pre-trained models have been fine-tuned
on the relation extraction task. Due to the fixed classification head, such trained
models are not flexible enough to handle new relations (Wu and He, 2019).
Hence, when targeting zero-shot relation extraction other methods are necessary.
Representation-learning-based methods (Chen and Li, 2021; Tran et al., 2023; Tran
et al., 2022; Zhao, Zhan, et al., 2023) try to embed the textual information and the
relational information in the same vector space. For that, relational information
such as labels or descriptions are usually used to get a representation of the
relation. The goal is to learn representations such that the representation of the
true relation resides close to a representation of the text in the vector space while
the representation of false relations is far away. Recently, generative language
models have been increasingly utilized for the task (Chen et al., 2022; Chia et al.,
2022; Lv et al., 2023; Ni et al., 2022). Here, the model is prompted with the input text
as well as information on the potential relations. The model is then fine-tuned to
either generate the relation as expressed in the input text or a full triple consisting
of the two entities and relation. For example, Chen et al. (Chen et al., 2022) model
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it as solving a Masked Language Modelling problem. Also, generative models
were applied to generate synthetic training data for relation extraction (Chia et al.,
2022).

Type information was considered in previous works focusing on relation extraction
but these works either used very broad types or did not tackle zero-shot relation
extraction (Koch et al., 2014; Liu et al., 2014; Wu and Chen, 2020).

Some methods model the problem as a textual entailment problem (Obamuyide
and Vlachos, 2018; Rahimi and Surdeanu, 2023; Sainz et al., 2021). Here, the idea is
that a model that is pre-trained on the textual entailment task is directly applied
to the relation extraction task. The assumption is that the model can identify
whether the textual information entails the relation description.

The method by Lan et al (Lan et al., 2023) models relation classification as a
multiple-choice problem where the text is encoded with relation information and
a score is calculated. This is done for all relations and the relation with the highest
score is taken. We extend this approach.

5.5 Conclusion and Future Work

In this work, we examined the impact of fine-grained type information on the zero-
shot relation extraction problem. Different from past methods, we employed fine-
grained type information as additional information and showed that combining
this information with the description of the relation leads to a synergistic effect,
improving the performance overall. We believe that this is the case because the
description information provides valuable ontological information on the domain
and range of a relation. This domain and range are then compared against the fine-
grained type information of the interacting entities. Furthermore, we validated
whether the increase in performance did indeed spring from the combination of
type and relation description information which is indeed the case. Finally, we
studied the impact of using an entity linker to retrieve the entity types. While it
leads to a decrease, the performance often still surpasses the current SOTA in the
most complex setting considerably.

In future works, we want to tackle multiple problems. First, it is not certain that
one has access to fine-grained type information during inference. Therefore, we
want to examine, whether the performance of a trained entity typer is sufficient
to produce similar results. Secondly, the current architecture follows a cross-
encoding approach. While this is not a problem when one encounters only a
few relations during inference, in real-world use cases this is not typically the
case. There are hundreds of potential different relations that could be encountered
during inference. Cross-encoding the text with each one leads to a substantial com-
putational effort. We want to examine whether the relation candidate generation
module might also benefit from fine-grained type information. Also, the training
process currently only trains the model by randomly sampling other relations.
Choosing the relationships in a smarter way might lead to additional improvement.
Finally, the impact of fine-grained entity types from other knowledge graphs needs
to be evaluated.
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Abstract

This paper introduces a novel method for closed information extraction. The
method employs a discriminative approach that incorporates type and entity-
specific information to improve relation extraction accuracy, particularly benefit-
ing long-tail relations. Notably, this method demonstrates superior performance
compared to state-of-the-art end-to-end generative models. This is especially
evident for the problem of large-scale closed information extraction where we are
confronted with millions of entities and hundreds of relations. Furthermore, we
emphasize the efficiency aspect by leveraging smaller models. In particular, the in-
tegration of type-information proves instrumental in achieving performance levels
on par with or surpassing those of a larger generative model. This advancement
holds promise for more accurate and efficient information extraction techniques.
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6.1. Introduction

6.1 Introduction

Today, our ability to generate data far surpasses our ability to understand it,
particularly when that data is in textual form. As a potential solution, knowledge
graphs (KGs), structured representations of data as interconnected nodes and links,
offer the promise of making complex information machine-readable and easily
interpretable (Ji et al., 2022).

However, the process of automatically transforming unstructured text into a
meaningful KG is a significant unsolved problem. It encompasses numerous
complex subproblems such as entity recognition, relation extraction and semantic
understanding, where each represents a substantial field of study.

In general, this means that a text is translated to a set of triples. Each triple consists
of a subject, a predicate and an object. Each subject and object is an entity while
the predicate corresponds to a relation between the two entities.

In this work, we focus on Closed Information Extraction (CIE) (Josifoski et al.,
2022). Here, triples are extracted which are grounded in an underlying KG. This
means that each of the extracted entities and relations have unique identifiers
assigned. An example?’ is:

"Barack Obama was born in Hawaii" — [Q76, P19, Q782]

Recent methods like the State-of-the-Art model GenlE interpreted the task as an
end-to-end machine translation task where the input is the text and the output
are the triples. Generative models are employed to translate text directly to triples.
While generative models proved to be very powerful, it is harder to incorporate
external information (e.g., the underlying KG) into the generation process (Josifoski
et al., 2022). Hence, the generative model is forced to learn the entire KG during
training. As the size of such a KG can be huge, this can inhibit performance. Also,
this means such generative methods are not able to use an evolving version of
the KG. Furthermore, the sequential nature of the decoding process often to leads
lower efficiency, which is critical given the large amount of textual data available
today. Lastly, the authors reported a lower performance on long-tail relations.?®

Instead of using generative models, this work employs discriminative models. This
means, we first identify salient segments of the input text. Subsequently, external
information is introduced to distinguish these segments within a predefined set
of classes. The discriminative process encompasses tasks such as recognizing
mentions, disambiguating entities, and extracting relations. Also, in many subtasks
relevant to the task of end-to-end entity linking are non-generative models still
state-of-the-art (Ma et al., 2023; Shavarani and Sarkar, 2023). This allows us to
tackle three shortcomings of the generative State-of-the-Art model: efficiency,
inclusion of external information and performance on long-tail relations.

We employ lightweight models in each step of our method which gives us a
large efficiency boost. While such methods often perform worse than their larger

27. Using QIDs and PIDs from www.wikidata.org. QIDs are the identifiers of entities and PIDs
are the identifiers of relations.
28. Relations rarely occurring.

108


www.wikidata.org

6. DISCIE - Discriminative Closed Information Extraction

counterparts, we investigate whether the utilization of fine-grained entity type
information as external information into relation extraction step can alleviate
the performance gap. Lastly, we explore whether this information has a positive
impact on the performance on long-tail relations as well. The primary emphasis
of this paper is centered around enhancements made to the relation extraction
component. In terms of mention recognition and entity linking, our approach
trains and uses models that have demonstrated high performance.

The contributions of this paper are as follows:
« Show that the inclusion of coarse-grained type information is not sufficient;

+ Show that the inclusion of fine-grained type information has a large impact
on relation extraction and hence CIE in general (in particular long-tail
relations);

«+ Show that efficient lightweight discriminative models can outperform large-
scale generative models when using fine-grained type information.

In the following, we will develop such a discriminative method and especially
focus on the incorporation of type information into the relation extraction step.?’

6.2 Method

6.2.1 Problem Definition - Closed Information Extraction

We define the problem as follows: Given are a text t and a KG G = (V, R, E) where
V are all entities in the graph, R all relations in the graph and E C (V x R x V)
all edges each of which connects two entities via a relation. Each text t contains
triples of form < v,r,w > with v,w € V and r € R. The goal is to extract these
triples from text.

6.2.2 Model
Mention Recognizer

The mention recognizer is an encoder-only model that accepts the tokenized
input text ty,...,4,...,t,. It encodes the whole sequence to get an embedded
representation for each token ki, ...,k ..., k,, where k; € R9. Then, each pair
of subsequent tokens is combined by concatenation and fed into a linear layer
s;; = l(k; ® k;) € R, classifying whether the pair denotes the first and last token
of a mention or not. Overall it outputs @ scores for a sequence of length n.
All scores surpassing an initial threshold are taken as mention candidates and
forwarded to the entity candidate generation module.*® The model is trained with

the binary cross entropy loss function.

29. The code can be found in: https://github.com/semantic-systems/discie

30. Usually, mention recognition is solved by applying BIO sequence tagging. We trained and
evaluated such a method but achieved a lower performance in comparison to the token-pair-based
approach described above.
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Marie Curie and her husband, Pierre Curie, Marie Curie Pierre Curie
were jointly awarded the Nobel Prize in Mention Recognizer Nobel Prize in
Physics in 1903 for their groundbreaking e Physics
research on radioactivity.
! Candidates
(—J%

L Marie Curie ®@ @ O

Entities . i

inKG Dense entity Candidate Generator |——————  Pierre Curie @ © O

representations

Nobel Prize in Physics @ @ O
. .I
Reranked Candidates + Representations
l’—)%
Mariccuie @ FhO [J o

Candidate Ranker —> Pierre Curie @) E o I @ E
Nobel Prize in Physics O I () I Q@ I

Relation Extractor (RE) X
Predicted types
Textual RE e
I award
+ > | received

;‘
e

Min. Confidence ‘1 Max. Confidence

Figure 6.1: DISCIE - Architecture. The intensity of the colors indicate the scores.
Higher intensity resolves to a higher score. The likely outcome would be the triples:
[(Q7186:Marie Curie, P166:award received, Q38104:Nobel Prize in Physics), (Q7186:Marie
Curie, P26:spouse, Q37463:Pierre Curie)]

Entity types

Y VY

Entity Candidate Generator

The entity candidate generator is based on the bi-encoder architecture, more
specifically a Siamese network (Chicco, 2021). The Siamese network is an encoder-
only model. It encodes the textual mention representation and the textual entity
representation into dense representations. The textual mention representation is
of form

[CLS] {mention} [CTX_L] {context_left} [CTX_R] {context_right}
[SEP]

where context_left and context_right is the text of a certain window size left
and right of the identified mention. [CTX_L] and [CTX_R] are special tokens
denoting the context. The textual entity representation is of form

[CLS] {label} [DESC] {desc} [SEP]

where {Label} is the English label of the entity and {desc} is the short description
text as available in Wikidata via the predicate schema:description.’® Both, the
mention and entity textual representations, are fed into the same encoder-only
model and encoded to retrieve the final mention/entity representation, which
is here taken as the embedded [CLS] token. We denote the embedded mention

31. This could be replaced with any other KG containing descriptions.
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representations as b,, and the embedded entity representation as b.. Finally, both
representations, are compared via cosine similarity

<b,,b, >
———€eR
1B 15|

where < -,- > denotes the dot product and |-| the euclidean norm.

The model is trained with the binary cross-entropy loss using in-batch negatives
and mined hard-negatives (Wu, Petroni, et al., 2020). When doing in-batch
negative-based learning, all other entities in the current batch are interpreted as
negatives. For mined hard-negatives, all entities are embedded after f epochs
and for each training example, all y nearest entities are found. All entities not
being the ground-truth entity are now taken as negatives. The method returns
for each mention m a set of candidates C,,. During training, f = 1 and y = 10.
After training, all entities are embedded and inserted into a vector index for fast
retrieval.*?

Entity Candidate Ranker

While the entity candidate generator alone could be used for entity disambiguation,
it is usually less accurate. That is why in a subsequent step an entity candidate
ranker is used that is less efficient but more accurate. It is applied to the subset of
entities retrieved by the previous step. The candidate ranker re-ranks all the candi-
dates C,, retrieved for a mention. It is based on the cross-encoder architecture (Wu,
Petroni, et al., 2020). It takes the concatenated textual representations of the
mention and entity candidate and feeds it into an encoder-only model. The cross-
encoder architecture allows cross-attention between the entity representation and
the input text. This usually leads to higher performance than just comparing the
bi-encoder representations directly (Wu, Petroni, et al., 2020).** Hence, the input
is of form:

[CLS] {label} [DESC] {desc} [SEP] {mention} [CTX_L]
{context_left} [CTX_R] {context_right} [SEP]

[DESC] is a special token denoting the entity description. The embedded [CLS]
token is taken (denoted as b,,.) and fed into a final linear layer to get a similarity
score

Sme = h(bmc) eR

During training, for each entity mention a set of hard negative entity candidates is
sampled by using the entity candidate generator and the vector index. The model
is trained via binary cross entropy loss including all the hard negatives and the
positive entity candidate.

32. https://faiss.ai
33. This was also observable in our use case.
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Relation Extractor

Textual information. The relation extractor accepts a pair of entity mentions.
Instead of only focusing on the input text, we incorporate candidate information
as well. We take each mention m and its highest scoring candidate c, and combine
both f(m,c). Then, each f(m,c) is compared to all other f(m’,¢") where m = m’.
As the combination of each mention and its candidate f(m,c) we simply use
the embedded [CLS] token output by the candidate ranker, so f(m,c) = by,,.
The predicted relation is scored by first calculating whether a subject-object
relationship holds between a pair

< ls(bm,c)s lo(bm',c’) >e R

where [; and [, are learnable linear layers. Then, a score for each potential relation
is calculated as
I/Vr [bm,c + bm’,c’]

where W, € RIR*? jg 3 learnable matrix and d is the dimension of bmeand b,y .

Both scores are then combined to get the final relation score
g[bm,Cs bm’,c’] = M [bm,c + bm’,c’] +< ls(bm,c)a lo(bm’,c’) >1

where 1 € RI® is a vector of ones. It holds that g[b,¢, b ] € RF.

Type information. Additionally, we also incorporate fine-grained type informa-
tion into the relation extraction process. This is based on the intuition that certain
relations are usually restricted to combinations of certain entity types. To learn
these dependencies, we calculate relation classification logits separately from the
textual representations just using the type information of each candidate. Each
entity candidate c has a set of types T, C T where T is the set of types available in
Wikidata. Now, we assign each type t € T a learnable vector ¢, € R¥. As an entity
might have multiple types, we create a condensed representation of the candidate

_ 1
asfe = g7 Ve, €-

Then, we calculate the type-based relation logits by feeding the concatenation of
t. and another candidate t. into a linear layer:

h(t, ®t.) € RN

Finally, we sum up the contextual logits and the type logits to get the final logits:

k(m,c,m’,c’) = h(t. ® 1) + g[f(m,c) & f(m’,c)]
The relation extractor is trained via binary cross-entropy loss.

Inference

First, we retrieve a set of suitable mentions by applying the mention recognizer.
After mapping its output to (0, 1) by applying the sigmoid function, we retrieve a
score s; for each possible span. Now, all spans surpassing a threshold €,, are taken
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as mention candidates. For each such mention, the entity candidate generator is
applied to retrieve a set of candidates. Each candidate is reranked by applying
the entity candidate reranker. Its scores s;, . are again mapped to (0,1). The

final candidate score is then the average s = @ If the maximum score of all
candidates surpasses a threshold €., the candidate and its mention are accepted.
Finally, the relations of each pair of mention-candidate combinations are calculated
by using the relation extractor to get the relation scores s,. Each relation score

surpassing the final relation threshold e, is accepted.

Table 6.1: Results on REBEL and FewRel (Micro)

REBEL FewRel
Model P R F1 F2 R
SOTA-Pipeline 43.30z015 41.7310.13  42.50:0.13 - 17.89=0.24
GenlE 68.02+0.15 69.87+0.14 68.93+0.12 - 30.77+0.27
GenlE - PLM 59.32+013 77.78x012 67.31x0.10 - 46.95+0.27

DISCIE (F2 calibrated) 62.13x010 81.93x007 70.67+008 77.02+006 47.10+0.28
DISCIE (F1 calibrated) 77.41+011 72.68+008 74.97+008 73.58+007 34.39+0.29

Table 6.2: Results on GeoNRE and WikipediaNRE (Micro)

GeoNRE WikipediaNRE
Model p R F1 P R F1
SOTA-Pipeline 66.65+1.47 66.22+146 66.43+145 65.17x027 54.40:020 59.30:0.21
SetGenNet 86.89+051 85.31+047 86.10+034 82.75+011 77.55x027 80.07x0.27
GenlE 91.77+098 93.20+083 92.48+088 91.39:+015 91.58+015 91.48+0.12
DISCIE 9241090 87.2+102 89.71x086 91.57+016 91.531013 91.55+012

6.3 Evaluation

For evaluation, we used four different datasets: REBEL, WikipediaNRE, GeoNRE
and FewRel. Here, REBEL (Huguet Cabot and Navigli, 2021) is a large-scale
dataset while WikipediaNRE, GeoNRE (Trisedya et al., 2019) and FewRel (Han
et al., 2018) are of smaller size. In regard to relations, REBEI contains 857 different
relations while the other three datasets all contain fewer than 157 relations. During
the evaluation, FewRel is used as a recall-only benchmark dataset as it is not
exhaustively annotated (Josifoski et al., 2022). See Table 6.3 for information on
the datasets. For the candidate representations, we use the concatenation of the
Wikipedia title and the Wikidata description of the entity. The used Wikdata dump
is from 2022. As for type information, we use the fine-grained types as given by
the P31 relation in Wikidata. Also, we extract for each type all supertypes and
consider them as valid types of an entity. Finally, we restrict the set of types to
the set as defined by Ayoola et al. (Ayoola et al., 2022) due to them showing great
performance utilising them in the task of entity linking.**

34. 930 types are used in total. They were filtered by exploring how useful they are for
disambiguating between different entities.
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Table 6.3: Statistics of the datasets with T, E and R standing for the number of triples,
entities and relations, respectively

Dataset Examples T E R

Train Dev Test Train Dev Test
Rebel 1,899,331 104,960 105,516 5,147,836 284,268 284,936 1,498,143 857
WikipediaNRE 223,536 980 29,619 298,489 1,317 39,678 278,204 157
GeoNRE - - 1,000 - - 1,000 124 11
FewRel - - 27,650 - - 27,650 64,762 80

Similar to Josifoski et al. (Josifoski et al., 2022) we follow two training regimes:
For REBEL and FewRel, we train on the training dataset of REBEL and evaluate on
the REBEL test and FewRel test set. For WikipediaNRE and GeoNRE, we finetune
the already REBEL-trained model on the training dataset of WikipediaNRE and
then evaluate on the test sets of WikipediaNRE and GeoNRE.*

The thresholds €, €. and €, necessary for inference are tuned on the validation
sets of REBEL, respectively WikipediaNRE.

We use distilbert-base-cased for the mention recognizer, and all-MinilLM-L12-v2

for the bi-encoder, cross-encoder and relation extractor. While larger models
potentially perform better, due the efficiency objective and the fact that we are a
small university lab, we rely on such lightweight models. We train each model
for 10 epochs on two NVIDIA A6000s and select the best-performing model by
evaluating on the validation datasets. We use a learning rate of 2 - 107 for all
models.

6.3.1 CIE Evaluation

For the closed information extraction task, we compare our trained model, denoted
as DISCIE, to the same models as used in the works by Josifoski et al. (Josifoski
et al., 2022). GenlE is the SOTA model by Josifoski et al. utilizing a generative
model trained from scratch. GenIE-PLM is the same model but initialized from
pre-trained BART (Lewis et al., 2020). SetGenNet (Sui et al., 2021) is a encoder-
decoder-based model utilising bi-partite matching for extracting triples. Finally,
SOTA-Pipeline is a pipeline-based model by Josifoski et al. relying on a sequence
of SOTA models for the tasks of mention recognition, entity linking and relation
extraction. For more information on this pipeline, please refer to their paper. *

We report micro/macro precision, recall and F1 for all models as well as F2 for our
model. Micro refers here to calculating the metric over all examples while macro
calculates the metrics first for each relation separately and then averages them.

35. When evaluating on GeoNRE or WikipediaNRE, we limited the set of available predictable
relations and entities to the same set as used in the work by Josifoski et al. (Josifoski et al., 2022).
Therefore, we set prediction scores for out-of-scope relations to 0.0.

36. We did not compare to SCICERO (Dessi et al., 2022) as we were not able to adapt their code
to our datasets.
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6. DISCIE - Discriminative Closed Information Extraction

Similar to Josifoski et al., we report the metrics with a 1-standard-deviation
confidence interval constructed from 50 bootstrap samples of the data for all
results.

In Table6.1, we show the results on the REBEL and the FewRel datasets. Our
method outperforms the best-performing method GenlE by more than 5 F1-
measure points.

It can be seen that DISCIE has much higher precision while lacking recall in
comparison to GenlE. When tuning the thresholds for F2 instead F1 on the
validation dataset *’, we see that the recall on the subset of data surpasses GenlE
while also surpassing it in overall F1. On the recall-only benchmark FewREL,
the F2-calibrated DISCIE performs slightly better than GenIE-PLM while the F1-
calibrated DISCIE performs much worse. This is the case as the F1-calibrated
DISCIE puts more emphasis on precision which leads to a reduced recall.

Table 6.2 presents the results for GeoNRE and WikipediaNRE. On GeoNRE, DISCIE
performs nearly 3 F1 points worse while on WikipediaNRE it is only slightly better.

On REBEL, macro F1 of DISCIE surpasses the second-best method GenlIE by nearly
7 points (see Table 6.4) with the F1 calibrated method and by more than 9 points
with the F2 calibrated one. This means DISCIE performs more uniformly than
GenlE across all relation types. This is especially important due to the large
number of relations occurring in the dataset where many are long-tail relations.*

Table 6.4: Results on REBEL (Macro)

MOdel P Macro RMacro F 1Macro F 2Macro
SOTA-Pipeline 12.20+035 10.44x022  9.48x021 -
GenlE 33.90+0.73 30.48+065 30.46+0.62 -

DISCIE (F2 calibrated) 35.84:059 43.99:+061 39.50+056 42.08+0.57
DISCIE (F1 calibrated) 44.05+084 42.29+062 37.27+067 34.110.63

On WikipediaNRE and GeoNRE, while DISCIE sometimes underperformed or
only matched the performance of GenlE on micro metrics, we see that in regard
to macro metrics, it outperforms GenlE (see Table 6.5). On WikipediaNRE it
outperforms GenlE by 8 points on F1. On GeoNRE, DISCIE surpasses GenlE by
more than 3 F1 points. DISCIE is therefore also performing more uniformly on
those datasets.

Figure 6.2 compares the F1 for all relations separated by their number of occur-
rences in the training data on REBEL. As can be seen, the performance of DISCIE
is surpassing the performance of GenlE consistently. For long-tail entities with
an occurrence count between 16 and 64 (2* and 2°), the performance sometimes
nearly doubles.

37. Hence putting more emphasis on recall.
38. They occur only rarely in the training data.
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Table 6.5: Results on GeoNRE and WikipediaNRE (Macro)

GeoNRE WikipediaNRE
MOdel P Macro RMacro F 1Macro P Macro RMacro F lMacro
SOTA-Pipeline 38.67+572  34.491599 35.141509 24.12:146 16.55+1.00 17.76+1.01
GenlE 75.77+780 71.60+7.95 72.59+732 52.55+212 45.95+167 47.08+1.68
DISCIE 73.65+661 76.72+654 75.05+601 53.76+214 51.80+205 52.75+1.90

6.3.2 Ablation

To identify what aspects of the relation extractor contributed the most to the
performance, we conducted an ablation study on REBEL. Table 6.6 compares
regular DISCIE to DISCIE without any type information (w/o types), DISCIE
without candidate descriptions (w/o desc.) and DISCIE with coarse-grained types
(w/ coarse).

Excluding type information (w/o types) leads to a large decrease in performance.
Especially the precision decreases by many points. Therefore, implicit KG infor-
mation given by type information helps the model to more precisely decide on the
right relation while filtering out relations not compatible with the types provided
by the entities.

Not using candidate information (w/o candidate description) and only relying
on the textual information at hand leads to a slight decrease in performance by
around 0.5 F1 points. Hence, the information contained in the description is not
fully replaced by the available type information.

Table 6.6: Ablation study of the relation extractor evaluated over REBEL dataset (w/o
types: relation extractor does not use type information, w/o desc.: relation extractor does
not use candidate descriptions, w/o text: relation extractor does neither use candidate
descriptions nor the input text, w/ coarse: regular relation extractor but coarse-grained
types are used)

Model P R F1

DISCIE w/o types 62.41:007 69.08+008 65.58=0.06
DISCIE w/o desc.  76.82+011 72.14x007 74.41+007
DISCIE w/o text  59.75+024 35.87+009 44.83+0.10
DISCIE w/ coarse 68.32+008 68.31+008 68.32+0.06

DISCIE 77411011 72.68+008 74.97+0.08

Only using type information (w/o text) and not relying on any textual or candidate
description information leads to the largest decrease in performance. The model
is still able to often predict the correct relation by just using the available type
information. Some combination of types therefore strongly predict the occurrence
of certain relations in the text. However, the task is not trivial and therefore textual
information at hand is still a necessity.

Lastly, replacing the fine-grained types with coarse-grained types of form PER,
ORG, LOC, MISC (w/ coarse) leads to an increase in performance in comparison to
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not using type information at all. Nevertheless, using fine-grained types increases
the performance much more.
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Figure 6.2: F1 for GenlE and DISCIE over REBEL plotted for buckets of relations; each
bucket contains all relations occurring a specific number of times in the training data.
Each blue bar shows the number of relations occurring in the # of triples as given by the
x-axis (see right vertical axis).

6.3.3 Efficiency

We evaluate the efficiency via the GeoNRE dataset by running GenlE and DISCIE
three times on its evaluation dataset.** Due to the length differences of the
examples, the average number of seconds per 1000 examples can vary between
datasets. In the GeoNRE dataset, DISCIE is approximately 27 times as fast as GenlE
while outperforming it or matching it on several benchmarks (see Table 6.7).

Table 6.7: Efficiency on GeoNRE dataset run on a single NVIDIA A6000 GPU

Model Seconds/1000 Examples

DISCIE 21.17+0.62
GenlE 571.95+7.08

39. GenlE takes a long time to evaluate on the other datasets on a single GPU. Therefore we
opted for only running the efficiency tests on the smallest dataset. While the average speed differs
between the datasets, DISCIE was considerably faster for all of them.
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6.3.4 Error Analysis

Figure 6.3 shows what components amount to what percentage of error on REBEL.
As can be seen, is the candidate generation the least prone to errors. Usually, the
correct candidate is in the generated candidate set. Candidate ranking is more
prone to errors than the candidate generation. Sometimes, the wrong candidate is
ranked the highest. The components that contribute the most to the errors are
the relation extraction and mention recognition.

Il Mention Recognition

[0 Relation Extraction

B Candidate Generation
[0 Candidate Ranking

Figure 6.3: Error distribution over all components on REBEL

Additionally, we compare the results for three different examples for both GenIE
and DISCIE in Table 6.8. Example 1 shows that DISCIE often performs better
when focusing on long-tail relations. Here, DISCIE predicts both the relations
employer and musical conductor while GenlE only predicts member of. While
member of is close to employer, employer is more specific. On the other hand,
musical conductor, a long-tail relation, is not predicted by GenlE while DISCIE
can predict these. In Example 2 GenlE predicted the correct relation employer
while DISCIE mistakenly predicted educated at. Here, educated at can also
be seen as a fitting relation but it was just not labeled. Note, that this a common
occurrence with GenlE, namely triples are predicted that are reasonable but not
labeled. Lastly, Example 3 shows a case where both GenlE and DISCIE fail. Here,
both methods generate more triples than necessary. Most of them describe implicit
relations. A notable exception is the triple (Spain, capital, Madrid) that is
predicted by both models. This relation is not stated in the input text but both
models likely just predict it due to it often being seen during training.
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Table 6.8: Comparison of the performance of DISCIE and GenlE on three different
examples. Ground-truth triples are shown in bold

Method DISCIE GenlE

Ex.1 In 2009, Vasquez was named a Gustavo Dudamel conducting fellow
with the Los Angeles Philharmonic.
Result (Gustavo Dudamel, employer, Los (Gustavo Dudamel, member of, Los
1 Angeles Philharmonic), (Los An- Angeles Philharmonic)
geles Philharmonic, musical con-
ductor, Gustavo Dudamel)

Ex. 2 She earned her Ph.D in mathematics from the University of Illinois at
Urbana—-Champaign in 1919 under the supervision of Arthur Byron

Coble.
Result (Arthur Byron Coble, educated (Arthur Byron Coble, employer,
2 at, University of Illinois at Ur- University = of Illinois at
bana-Champaign) Urbana—Champaign)
Ex.3  The Santiago Bernabéu Stadium (, ) is a football stadium in Madrid,
Spain.
Result (Santiago Bernabéu Stadium, (Santiago Bernabéu Stadium,
3 sport, Association football), sport, Association football),

(Santiago Bernabéu Stadium, (Santiago Bernabéu Stadium,
located in the administrative located in the administrative
territorial  entity, Madrid), territorial  entity, Madrid),
(Santiago  Bernabéu Stadium, (Santiago Bernabéu Stadium,
country, Spain), (Madrid, country, country, Spain), (Madrid, country,
Spain),(Spain, capital, Madrid), Spain),(Spain, capital, Madrid)
(Santiago  Bernabéu Stadium,

instance of, stadium)

6.4 Related Work

Entity Linking has a long history of research (Maller et al., 2022). Recent methods
can be categorized into two types. First, discriminative methods that are based
on the bi-encoder / cross-encoder pairing (Ayoola et al., 2022; Logeswaran et al.,
2019; Wu, Petroni, et al., 2020). Both encoders are commonly BERT-like models.
The bi-encoder encodes the description of each entity and matches it to the text
by using an approximate nearest neighbor search. This is important as the next
step, the cross-encoding, is expensive. Here, those neighbors are reranked by
applying a cross-encoder to the concatenation of both, the input text and the entity
description. The highest-ranked entity is then the final linked one. In the past, type
information was used in several works in the entity linking domain. Incorporating
it lead to a large increase in performance (Ayoola et al., 2022; Raiman, 2022; Raiman
and Raiman, 2018). In contrast to that, we do not employ type information during
entity linking but during relation extraction. Another type of entity linker is based
on generative models (Cao et al., 2021; De Cao et al., 2022). Here, instead of using
some external description of an entity, the whole model memorizes the knowledge
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graph (KG) during training. The linked entity is then directly generated by the
model. Such methods skip the problem of mining negatives which are crucial for
a good performance of bi-encoder-based methods (Cao et al., 2021).

Relation extraction methods usually assume that the entities in the input text are
already identified. The task is then to classify whether a relation between two
entities is expressed in the text and if it is, what relation holds. Recent methods
rely either on CNN (dos Santos et al., 2015; Nguyen and Grishman, 2015; Zeng
et al., 2014), RNN (Miwa and Bansal, 2016; Ni and Florian, 2019) or transformer
networks (Baldini Soares et al., 2019; Zhong and Chen, 2021). Also, generative
models are applied, usually by extracting entities and relations jointly (Paolini
et al., 2021; Zhang et al., 2020) but also methods solely focusing on relation
extraction (RE) exist (Huguet Cabot and Navigli, 2021; Ni et al., 2022). In contrast
to DISCIE, these methods generally focus on a small number of relations and
do not consider the entity linking task. Zhang et al. (Zhang et al., 2022) include
fine-grained information into a generative joint entity and relation extraction
method. But in contrast to us they only focus on entity extraction and not entity
linking. Furthermore, they only incorporate a single type per entity.

There exist two directions of research related to closed information extraction.
First, pipeline-based approaches. For that, initially, the entities in the text were
recognized, then the relations between the entities were identified and finally,
relations and entities are linked to the KG (Angeli et al., 2015; Chaganty et al,,
2017; Galarraga et al., 2014). While the modularity of pipeline-based approaches
makes it possible to simply exchange some modules with a better one, they suffer
from error propagation. To combat that, recent methods focus on tackling the
problem end-to-end (Liu et al., 2018; Sui et al., 2021; Trisedya et al., 2019). Here,
each step of the pipeline is jointly executed at once. This enables the models to
have interaction between the entity recognition, relation extraction and entity
linking process. Lately, generative models like BART, T5, GPT-4 became more
popular (Lewis et al., 2020; OpenAl, 2023; Raffel et al., 2020). Usually, the tasks
are here simply modeled as the translation of text to text. In 2022, Josifoski et
al. (Josifoski et al., 2022; Josifoski et al., 2023) applied such a generative model to
the CIE task reaching SOTA. Furthermore, they are the first two evaluate the CIE
task on a large dataset with hundreds of relations and millions of entities. Our
method is the first discriminative approach focusing on the large-scale closed-
information extraction task. In contrast to GenlE by Josifoski et al., we do not
rely on a generative model, but a discriminative one. Furthermore, instead of
performing relation extraction solely on the textual data, we incorporate the entity
candidate information in form of their descriptions and types. Both features prove
to be especially valuable when doing the relation extraction task on datasets with
a large number of relations.

6.5 Conclusion and Future Work
In this work, we showed that including fine-grained type information into a

discriminative closed information extraction method leads to a large improvement.
By using the type information, the model can learn the implicit ontological
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information contained in the underlying KG. It especially leads to an increased
performance on long-tail relations. Furthermore, due to the reliance of DISCIE on
only smaller language models, it can deliver great performance while being much
more efficient. This allows our model to match or even surpass the performance
of larger end-to-end CIE information models while being much faster.

A generative model such as GenlE can be trained on the closed information
extraction task without having access to the entity mention positions. In contrast
to that, our training setup relies on them. In future work, we want to investigate
whether the model can be modified to skip the mention recognition. Furthermore,
the inference procedure is currently performed in a greedy way. We suspect that
globally optimizing the disambiguation graph can lead to an increase in perfor-
mance, which we also want to pursue further in the future. Also, incorporating
the type information into the entity linking module might lead to improvement.
Finally, analysing which types have a bigger impact on performance is worth
exploring.

Limitations

SynthlE (Josifoski et al., 2023) showed that the REBEL dataset suffers from some
qualitative problems such as false negatives. We did not compare our method
against a larger generative model, such as LLama (Touvron, Lavril, Izacard, Mar-
tinet, Lachaux, Lacroix, Roziére, Goyal, Hambro, Azhar, et al., 2023b). Although
an adapter-fine-tuned variant of such a large language model might potentially
outperform our method, it would require a significantly larger parameter count and
be less efficient. Our objective was to demonstrate that substantial performance
improvements can be achieved even with a smaller parameter count and some
external data.

Supplemental Material Statement: Source code for our System is available from:
https://github.com/semantic-systems/discie

121


https://github.com/semantic-systems/discie




Analyzing the Influence of Knowledge
Graph Information on Relation
Extraction

Bibliographic Information

Cedric Moller and Ricardo Usbeck. 2025. Analyzing the Influence of Knowledge
Graph Information on Relation Extraction. In The Semantic Web - 22nd European
Semantic Web Conference, ESWC 2025, Portoroz, Slovenia, June 1-5, 2025, Proceedings,
Part I, edited by Edward Curry, Maribel Acosta, Maria Poveda-Villalon, Marieke
van Erp, Adegboyega K. Ojo, Katja Hose, Cogan Shimizu, and Pasquale Lisena,
15718:460-480. Lecture Notes in Computer Science. Best Student Paper Award.
Springer

Abstract

We examine the impact of incorporating knowledge graph information on the
performance of relation extraction models across a range of datasets. Our hypoth-
esis is that the positions of entities within a knowledge graph provide important
insights for relation extraction tasks. We conduct experiments on multiple datasets,
each varying in the number of relations, training examples, and underlying
knowledge graphs. Our results demonstrate that integrating knowledge graph
information significantly enhances performance, especially when dealing with
an imbalance in the number of training examples for each relation. We evaluate
the contribution of knowledge graph-based features by combining established
relation extraction methods with graph-aware Neural Bellman-Ford networks.
These features are tested in both supervised and zero-shot settings, demonstrating
consistent performance improvements across various datasets.
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7.1. Introduction

7.1 Introduction

Populating an existing knowledge graph (KG) with new information is an essential
challenge. An integral subtask for this is relation extraction (RE). RE is the task of
identifying the expressed relation between two entities. The focus of this subtask
usually resides on a relation expressed in a sentence, document, or between
multiple documents. In contrast to that, link prediction (Wang, Qiu, et al., 2021)
infers potential relations based on the structure of a knowledge graph (Ji et al.,
2022).

In this paper, our goal is to combine both ways of tackling the task, based on the
text and based on the graph, in a single framework. For that, we incorporate a
Neural Bellman Ford (NBF) network (Zhu et al., 2021) into the RE process, allowing
us to include graph-based information while being generalizable to new entities
in the knowledge graph. This leads to a model that jointly considers information
in the KG and the document.

We study the impact of the KG data on several established datasets, focusing
on supervised and zero-shot scenarios. To tackle the supervised and zero-shot
scenarios, we use two different versions of the NBF network, one that assumes that
all encountered relations in the graph are known before, and another that creates
the relation representations on the fly. As we focus solely on RE, we assume that
the actual entity mentions in the text are pre-annotated. Therefore, the task is
to determine whether a relationship exists between a pair of entities and, if so,
identify which specific relationship holds.

Unlike existing methods (Bastos et al., 2021; Jain et al., 2024), our approach
does not rely on learned entity embeddings, allowing it to generalize to new
entities. Furthermore, our developed post-prediction mechanism shows further
improvements in document-level RE. Additionally, we introduce a method that is
also suitable for zero-shot settings.

Our contributions are an analysis of the impact of knowledge graph information
in the following relation extraction settings:

1. Supervised Setting: We investigate how incorporating knowledge graph
information enhances model performance. For that, we modify the NBF network to
be usable in the relation extraction problem. This improves accuracy by providing
richer contextual information and better resolving ambiguities.

2. Zero-shot Setting: We explore the role of knowledge graphs in zero-shot
relation extraction, demonstrating their potential to enable models to generalize
to unseen categories by providing semantic background and auxiliary data for
informed predictions.

Code: Our code is available at
https://github.com/semantic-systems/kg-based-re.
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7.2 Method

7.2.1 Problem Definition

We target the RE problem. Given a text and a pair of annotated entities within the
text, the goal is to identify the relation expressed between the two entities out of
the set of all relations R. Depending on the input text, multiple entities might be
mentioned in the text. For each pair of entities multiple relations are potentially
expressed. We refer to this as document-level RE. If there are only two entities
between which the relation needs to be extracted, we refer to it to sentence-level
RE.

In a supervised setting, the set of potential relations is known during training.
It is possible that no relation is expressed between two entities, which can also
be interpreted as an additional no_relation relation. When one considers the
zero-shot setting, the assumption is that the set of relations seen during training
differs from the set of relations encountered during evaluation. To solve this task,
the method has to generalize to unseen relations.

In addition to textual information, we assume the availability of a knowledge
graph. A knowledge graph is a graph consisting of nodes and edges. Each node
corresponds to a specific entity, either depicting some individual or concept. The
edges between nodes are equipped with a relation that denotes some relationship
between two nodes. Two nodes linked by a relation are commonly also denoted
as a triple. Formally, we define the graph as G = (V,E), where V is the set of
nodes and E C V xV x Rg is the set of edges with R; being the edges existing in
the graph. R; does not need to overlap with R. For example, an edge equipped
with the married_to relation between the subject Barack Obama and the object
Michelle Obama expresses that both those persons are married to each other.
Multiple edges may hold between two nodes. In this work, we assume that the
corresponding nodes of the entities marked in the text are known and can be used
to incorporate KG-internal information.

Our method consists of two main components (see Figure 7.1): the textual module
and the graph module. The textual module purely works on the textual input,
while the graph module considers the potential relation between two mentioned
entities as expressed in the graph.

7.2.2 Textual Module

Supervised. The input text consists of the marked entities where each entity
mention is surrounded by $-signs. The textual encoder follows a well-established
architecture as proposed by Zhou et al. (Zhou et al., 2021). Initially, the textual
input is encoded using an encoder-only model

H =Encoder(X), H =[hy, hs,...,hx], h; € R

Then, for each of the marked entity mentions m;, the encoded token of its left-
side $-sign is taken, denoted as h,, = h, where p; is the position of the sign.
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Figure 7.1: Model architecture: The figure illustrates relation prediction between a subject
(blue) and two objects (red and green). Text and graph are encoded to predict relations
involving Steve Jobs. The graph predictor identifies likely graph-based relations, while the
text predictor identifies text-expressed relations, leading to two vectors per entity. Both
vectors are combined, giving the final predictions. Identically colored mentions and nodes
represent the same entity, and the predictors output a relation distribution, operating in
either supervised or zero-shot modes.

Additionally, the attention scores for the $ to all other tokens throughout all layers
are averaged over all layers and normalized
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with ag,? = AY[p i, - . As multiple entity mentions Mepiry might exist in a document
for a single entity, the attention scores are averaged over all entity-specific
mentions

1 M|

—_— a,,
|Mentity| j=1 b

Aentity =

and the $-sign encodings are pooled by applying the Logsumexp operation to get
the entity-encoding

hentity = Logsumexp({hp,, b, ..., hm‘Mmmy‘}).
This gives us two key representations per entity: the attention denity to all other
tokens and the entity’s $-encoding izenﬁty, which are used in the next steps. For
each pair of entities, we compute a combined representation by first point-wise
multiplying the attention scores of both entities a; © g; and normalizing them, giv-
ing ax;. Then, we compute an attention-based pair representation by performing
a weighted sum over all encoded tokens, resulting in

N
Cc = Z dk,l[l.] . h,‘.
i=1
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Finally, the subject encoding is calculated by
s = W concat (fzk, c) + b

where W; is a weight matrix and b, a bias. The same is done to get an object
encoding o;. Both are used to predict the scores for all relations by applying a
bilinear mapping

P =siWo, € RE

where W € R®® and R is the number of relations.

Zero-shot. For zero-shot learning, we employ an RE approach via multiple-
choice classification (Lan et al., 2023). For each document s, we concatenate it
with the label /, and description d, of a relation r

x, = concat(s, [, d,).

The concatenated input x, is then fed into an encoder-only model to obtain the
token encoding

H, = Encoder(x,), H, = [hir),hé’), ---,hg\rr)l

We extract the encoding of the first token h(lr) and project it using a two-layer
mapping to a score

score(r) = W, O'(Wlh(lr) +by) + by

where W, and W, are weight matrices, b; and b, are biases, and o is the tanh
function.

This process is repeated for all relations r € R to compute their respective
predictions, giving p, € RX,

7.2.3 Graph Module

The graph module uses the background KG to predict likely relations. The
exception is when the Post-Prediction step is also applied (see Section 7.2.5),
where both the background KG and text-based triples are used.

Supervised. For the graph-encoder, we follow a modified version of the Neural
Bellmann-Ford (NBF) graph neural network (Zhu et al., 2021). Originally designed
for link prediction, this method takes a subject entity and a relation as input.
Given our dataset’s large number of relations, running this model for each relation
introduces significant computational overhead, which was not feasible with our
available resources.

To address this, we eliminate the need to specify an input relation. Instead, we
predict all possible output relations based on the final representation of each node.
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7.2. Method

Initially, each node in the graph is initialized with a zero vector, except for a
designated start node, which is assigned a specific vector g

0 _ 8starts ifv= Ustarts
Y 0, otherwise.

The graph undergoes T iterations of message passing, where each edge (u,v)
is represented by its direction and associated relation r. The message passing
consists of three main steps for each node v:

1. Propagation: Information is propagated along the edges using the DistMult
operation (Yang et al., 2015)

m®, = gl

u—v

Or (uv)

where m®),  is the message from node u to node v, 1, is a relation-specific

u—v

representation and © denotes element-wise multiplication.

2. Aggregation: Incoming messages are aggregated for each node v using Principal
Neighbourhood Aggregation (PNA) (Corso et al., 2020)

m® = Aggregate ({m(t) lue N (v)})

where N (v) denotes the neighbors of v.

3. Update: The node’s representation is updated via a linear projection and a
non-linear activation with

2O = y(WOM® 4 p®)

where W® and b® are the weights and biases of the linear transformation at
iteration ¢t and y is the ReLU activation function.

After T iterations, the message passing is stopped, and the representation of each
node is retrieved. This representation captures the relation of any node with
respect to the start node.

We initialize the start node as the node corresponding to the subject entity and
retrieve the representations of each object entity node g. In contrast to the
original method, this representation g is then passed through a two layer network
to predict the scores for all relations instead of a single relation

pg = W4 ,U(W?,gl + b3) + b4 € RR
where W3, W, bs, and b, are weights and biases.
Zero-shot. For zero-shot learning, we rely on the zero-shot variant of the NBF
network, denoted as ULTRA (Galkin et al., 2024). ULTRA consists of two compo-

nents: a relation graph encoder and an entity graph encoder, both implemented
as NBF networks.

The relation graph is constructed with nodes representing relations and edges
connecting them if the subject/object of one relation is the subject/object of another.
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A designated relation is set as the start, and the relation graph encoder produces a
representation for each relation node h,

h, = RelationGraphEncoder(¥git)

where r € Rg.

These relation representations h, are used in the entity graph encoder, which
outputs entity representations h; conditioned on a start node and the relation.
These are then fed into a multi-layer projection to compute a single score

score(r) = W p(Wshentity + bs) + be

where W5, Wy, bs, and bs are weights and biases, and p is the ReLU activation
function.

To classify all relations, ULTRA is run for each relation in the set R, and the
predictions are concatenated:

P = [score(ry), score(ry), ..., score(rg)] € RR

7.2.4 Final Prediction

To compute the final prediction, we integrate the logits from both sources by
accumulating them. Let o and f represent the respective weights for each source.
The final logits are computed as

p=p+ pg € R

where p; € R® and p, € R¥ are the logits from the two predictive models (either
for the supervised or zero-shot setting), and R represents the number of relations.

7.2.5 Post-Prediction

In document-level RE, rule-learning techniques are frequently employed to en-
hance the predictive capability of models (Fan et al., 2022; Qi et al., 2024; Ru
et al., 2021). These approaches leverage an initial set of relations generated by
a text-only model and perform reasoning using learned rules to infer additional
relations.

We adopt a similar methodology for document-level relation extraction tasks.
Specifically, starting with the initial predictions produced by the textual compo-
nent, we enrich the underlying graph. This enrichment involves adding new edges
to the graph between each pair of nodes (v;, v;) whenever a relation is identified
between the corresponding entities in the input text.

R; denotes the set of predefined relation types in the initial graph. To distinguish
between a priori known relations and those inferred through reasoning, we define
an additional set of relation types R’ corresponding exclusively to the predicted
relations. The graph G = (V, E) is extended by introducing new edges:

E' ={(viv;,r") | ¥ € R',v,v; € V, and r’ is predicted for (v;,v;)}.
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Figure 7.2: The figure illustrates the post-prediction mechanism. The input text is initially
processed through the textual module to identify relations. These identified relations are
then incorporated into the input graph for the graph module. Using the updated graph
and the initial textual predictions, the final predictions are generated.

The extended graph is then represented as G’ = (V,E U E’).

By explicitly encoding these predicted relations as a separate set R’, the model can
effectively distinguish between the original relations R and the newly inferred ones,
thus enabling more nuanced reasoning and relation classification. Post-Prediction
is only used for document-level RE. See Figure 7.2 for an overview.

7.2.6 Losses

For datasets with more than two entities per example, we use the HingeABL
loss (Wang et al., 2023), which is designed to more-gracefully handle the problem
of imbalance in multi-class classification optimization in contrast to a regular
binary cross-entropy loss. For sentence-level RE datasets, we use the cross-entropy
loss to optimize the models.

7.3 Evaluation

7.3.1 Setup

We evaluate the influence of the graph information on several datasets. As the
encoder models, we used RoBERTa-large for Re-DocRED, BERT-base for DWIE,
and BioBERT for BioRel. For Wiki-ZSL and FewRel, we relied on BERT-base. We

chose those to be comparable to other existing methods.

Supervised datasets. As supervised datasets, we use the Re-DocRED (Tan, Xu,
et al., 2022), DWIE (Zaporojets et al., 2021) and BioRel (Xing et al., 2020) dataset.
We chose those datasets as they are available with annotated entity mentions and
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7. Analyzing the Influence of Knowledge Graph Information on Relation Extraction

have been evaluated by past methods that utilised KG information. An overview
of them can be found in Table 7.1.

For Re-DocRED and DWIE, we rely on Wikidata as the corresponding knowledge
graph. For BioRel, we rely on two available ontologies: Medline (Yang, 2003) and
NCIt (Kumar and Smith, 2005).

We gathered each ontology and linked the entity mentions to the corresponding
nodes. On Re-DocRED, 83% of mentions matched a Wikidata node, while on
DWIE, only 53% did. The rest were literals or unlinked during dataset creation. On
BioRel, 82% of mentions were covered; the rest were unidentifiable in the available
ontologies. DWIE and Re-DocRED are document-level RE datasets, with DWIE
containing longer documents. BioRel is a sentence-level RE dataset.

Our main metric is F1. For Re-DocRED and DWIE, we use micro F1, where true
positives are correctly classified relations, false negatives are relations missed
between entities, and false positives are incorrect relation predictions. For Re-
DocRED, we also report Ign-F1, which excludes triples seen during training.

For BioRel, we use Macro-F1, averaging F1 over all relation classes.

Each method is trained three times, and we report the averaged metrics.

Table 7.1: Supervised RE datasets.

Dataset Name # Documents # Relations # Mentions # Triples

DWIE 802 65 43,373 317,204
Re-DocRED 4053 97 132,375 120,539
BioRel 533,560 125 1,067,120 533,560

Zero-shot datasets. For the zero-shot evaluations we rely on the popular FewRel
(Chia et al., 2022; Han et al., 2018) and Wiki-ZSL (Chen and Li, 2021) datasets (see
Table 7.2 for an overview). These are sentence-level RE datasets. Both contain
annotated entity mentions linked to Wikidata (Vrandeci¢ and Krotzsch, 2014). The
datasets are prepared in three versions, with 5, 10, or 15 test relations. Furthermore,
for each of the versions, the full dataset is resampled five times. That means, the
model is evaluated on five different runs for each version to compensate for the
high variance due to the small number of test relations. All mentioned entities are
linked to Wikidata. Macro F1-measure is calculated to evaluate the performance
of methods.

Table 7.2: Zero-shot RE datasets.

Dataset Name # Documents # Relations # Mentions # Triples

FewRel 70,000 100 140,000 70,000
Wiki-ZSL 94,383 113 132,375 188,766
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Graph. For each entity in a document, we gather its two-hop neighborhood
in the knowledge graph, limiting edges to 100 per hop, resulting in up to 10,000
entities per neighborhood. This enables exploration of four-hop connections. We
remove nodes appearing in only one triple unless they belong to the original entity
set, helping manage datasets with up to 200,000 nodes per subgraph.

For sentence-level RE, we remove direct triples between subjects and objects to
prevent trivial relations, particularly in distantly-supervised datasets.?’ There,
80-90% of triples overlap between graph and text, whereas in document-level
RE, less than 45% do. In the zero-shot setting, we sample 1000 triples per rela-
tion, extract two-hop neighborhoods, and construct the relation graph, filtering
noise by keeping only relation-relation edges found in at least 10% of sampled

neighborhoods.

The GNN runs four layers of message passing to utilize the max-hop distance
between entities. More hops did not improve performance.

Methods. In our analysis on DWIE, we evaluate a range of document-level
RE methods, referencing works such as (Vashishth et al., 2018; Verlinden et al.,
2021; Xu et al., 2021). We specifically focus on comparing the performance of the
top models utilizing rule-learning techniques, as highlighted in (Fan et al., 2022;
Qi et al.,, 2024; Ru et al., 2021). Additionally, we incorporate two methods that
integrate knowledge graph information, as explored by (Bastos et al., 2021; Jain
et al., 2024).

On ReDocRED, we compare against several BERT-based and RoBERTa-based
methods (Ma et al,, 2023; Tan, He, et al., 2022; Xu et al., 2021; Zhang et al.,
2021; Zhou et al.,, 2021) again including two that incorporate knowledge graph
information (Bastos et al., 2021; Jain et al., 2024) as well.

On BioREL we compare against the best-performing non-biomedical (Bastos
et al., 2021; Raffel et al., 2020; Sorokin and Gurevych, 2017; Zhu et al., 2019) and
biomedical RE methods (Jain et al., 2023) as reported by Jain et al. (Jain et al., 2023).

On Wiki-ZSL and Fewrel, we compare against several zero-shot methods, ranging
from entailment-based methods (Rocktéschel et al., 2016), encoding-based methods
(Chen and Li, 2021; Tran et al., 2023; Tran et al., 2022; Zhao, Zhan, et al., 2023),
generative methods (Chia et al., 2022), and discriminative prompting methods (Lan
et al., 2023; Lv et al., 2023)

In our supervised experiments, we refer to our method as ATLOP-KG when
incorporating the knowledge graph component into the ATLOP architecture,
and as ATLOP-KG-PP when including both the KG component and the post-
prediction module. Additionally, we present our baseline results using the ATLOP
architecture with the HingeABL loss, labeled as ATLOP-Hinge. Furthermore, we
denote a method solely using the graph component as NBF.

40. Distant supervision annotates documents using the KG, so keeping these triples could let
the model simply verify existing relations.
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For the zero-shot experiments, we designate our approach as MC-BERT-KG, and
we also present results for MC-BERT with added descriptions, referred to as
MC-BERT w/ descriptions.

Hyperparameters. All training and inference runs were performed on a single
NVIDIA A6000 GPU. We used a batch size of 8 for each supervised training run
and a batch size of 16 for the unsupervised runs. We use learning rates of 3e — 5
for the text encoders and of 1e —4 for the graph encoders. We trained each method
by relying on early stopping based on the validation F1-measure.

7.3.2 Results

Table 7.3: F1 Scores on DWIE.

Model F1

DRN*GloVe (Xu et al., 2021) 56.04
RESIDE (Vashishth et al., 2018) 66.78
RECON (Bastos et al., 2021) 66.94
KB-Graph (Verlinden et al., 2021) 66.89
ATLOP (Zhou et al., 2021) 75.13

DocRE-CLiP (Jain et al., 2024) 67.10
LogicRE-ATLOP (Ru et al., 2021)  75.67
MILR-ATLOP (Fan et al., 2022) 76.51
JMLR-ATLOP (Qi et al., 2024) 77.85

ATLOP-Hinge (Ours) 77.35
NBF (Ours) 44.27
ATLOP-KG (Ours) 78.50
ATLOP-KG-PP (Ours) 79.46

Table 7.4: F1 Scores on ReDocRED.

Model Ign-F1 F1

ATLOP (Zhou et al., 2021) 76.82  77.56
DRN* (Xu et al., 2021) 743 75.6
KG-DocRE (Tan, He, et al., 2022) 80.32 81.04
DocuNet (Zhang et al., 2021) 7852  79.64
DREEAM (Ma et al., 2023) 80.39 81.44
DocRE-CLiP (Jain et al., 2024) 80.57 81.55
ATLOP-Hinge (Ours) 76.97  78.07
NBF (Ours) 46.94 49.58
ATLOP-KG (Ours) 77.70  78.70
ATLOP-KG-PP (Ours) 77.80 78.83

Supervised. Our method outperforms recent state-of-the-art methods on the
DWIE dataset by 1.5 F1-measure points, as illustrated in Table 7.3. Notably, even
without graph information, our text-based RE architecture performs comparably
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to existing state-of-the-art models. The inclusion of graph information further
enhances performance, which is remarkable given our reliance on the same
architectural framework as the state-of-the-art. While including KG information
already leads to a larger improvement, using the post-prediction step also improves
it even more. We hypothesize that our adaptations for handling long documents,
typical in DWIE, contribute significantly to this improvement. This adaptation
involves splitting input documents based on the encoder’s maximum token length
while introducing a stride to maintain contextual coherence. This approach seems
to compensate for adjustments potentially overlooked in previous state-of-the-art
methods. Without that, our performance diminishes to the one as reported in the
paper by Qi et al.(Qi et al., 2024).

Table 7.5: Accuracy and F1 Scores on BioREL.

Model Accuracy Macro F1 Score
GPGNN (Zhu et al., 2021) 85 84.00
ContextAware (Sorokin and Gurevych, 2017) 89 87.00
T5 (Raffel et al., 2020) 88 86.00
RECON (Bastos et al., 2021) 89.6 86.00
ReOnto (Jain et al., 2023) 92 90.00
NBF 75.35 74.74
ATLOP-Hinge (Ours) 96.69 95.71
ATLOP-KG (Ours) 97.93 96.90

Conversely, our approach does not achieve state-of-the-art performance on the Re-
DocRED dataset (Table 7.4). Although incorporating KG information enhances per-
formance over the text-only model, the post-prediction step contributes minimally.
This outcome may stem from the typically smaller document sizes in Re-DocRED,
reducing the advantage offered by the KG enhancements. Additionally, our lack of
pre-training and evidence fusion, which distinguish the leading approaches (Ma
et al., 2023), might explain this discrepancy. Nevertheless, we chose to forego
these complex stages to minimize computational overhead, focusing instead on
exploring the fundamental effects of graph integration. The unexpectedly high
performance of DocRE-CLiP (Jain et al., 2024) is notable, particularly given their
claims regarding the significant impact of integrating graph information. However,
upon reviewing their paper and accompanying code, we were unable to ascertain
the specific methods they employed to incorporate this information. Additionally,
there is an indication that their training process encompasses entities from not
only the training set but also the test and validation sets.

While further inspecting the performance of our method on Re-DocRED, we
also saw that the biggest difficulty on the document-level RE datasets was to
identify whether any relation is expressed between two entities, not which. Only
six percent of errors on Re-DocRED stem from the problem of disambiguating
between different relations. We assume that graph information is less helpful to
decide whether any relation is expressed as this is more a problem related to the
textual RE component. An additional cause might be that the number of relations
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Table 7.6: Results on FewRel and Wiki-ZSL.

Wiki-ZSL FewRel
m Model P R F1 P R F1
CIM (Rocktaschel et al., 2016) 49.63 48.81 49.22 58.05 61.92 59.92
ZS-BERT (Chen and Li, 2021) 71.54 7239 7196 76.96 78.86 77.90
Tran et al. (2022) 87.48 77.50 82.19 87.11 86.29 86.69
5 RelationPrompt NG (Chia et al., 51.78 46.76 48.93 72.36 58.61 64.57
2022)
RelationPrompt (Chia et al, 70.66 83.75 76.63 90.15 88.50 89.30
2022)
RE-Matching (Zhao, Zhan, et al.,, 78.19 78.41 78.30 92.82 92.34 92.58
2023)
DSP-ZRSC (Lv et al., 2023) 941 771 848 934 925 929
Tran et al. (2023) 94.50 96.48 95.46 96.36 96.68 96.51
MC-BERT (Lan et al., 2023) 80.28 84.03 82.11 90.82 90.13 90.47
MC-BERT w/ descriptions (Ours) 85.00 84.41 84.68 93.33 92.50 92.91
MC-BERT-KG (Ours) 88.89 89.46 88.92 88.39 91.37 92.02
CIM 46.54 47.90 45.57 47.39 49.11 48.23
ZS-BERT 60.51 60.98 60.74 56.92 57.59 57.25
Tran et al. (2022) 71.59 64.69 67.94 64.41 62.61 63.50
10 RelationPrompt NG 54.87 36.52 43.80 66.47 48.28 55.61
RelationPrompt 68.51 74.76 71.50 80.33 79.62 79.96
RE-Matching 7439 73.54 7396 83.21 82.64 82.93
DSP-ZRSC 80.0 740 769 80.7 88.0 84.2
Tran et al. (2023) 85.43 88.14 86.74 81.13 82.24 81.68
MC-BERT 72.81 7396 73.38 86.57 85.27 85.92
MC-BERT w/ descriptions (Ours) 74.89 76.05 75.46 85.16 83.36 84.24
MC-BERT-KG (Ours) 81.72 80.52 81.10 88.63 84.80 86.63
CIM 29.17 30.58 29.86 31.83 33.06 32.43
ZS-BERT 34.12 34.38 34.25 3554 38.19 36.82
Tran et al. (2022) 38.37 36.05 37.17 4396 39.11 41.36
15 RelationPrompt NG 54.45 2943 37.45 66.49 40.05 49.38
RelationPrompt 63.69 67.93 6574 7433 7251 73.40
RE-Matching 67.31 67.33 6732 73.80 73.52 73.66
DSP-ZRSC 775 644 704 829 781 804
Tran et al. (2023) 64.68 65.01 6530 66.44 69.29 67.82
MC-BERT 65.71 67.11 6640 80.71 79.84 80.27
MC-BERT w/ desc (Ours) 68.53 69.81 69.16 79.22 7819 78.69
MC-BERT-KG (Ours) 79.28 76.95 78.07 84.46 80.90 82.64

for both datasets is rather small being fewer than 100. Therefore, the ambiguity
between different relations might be rather low.

On BioRel (see Table 7.5), our method performs the best. The textual RE component
has again a large impact; however, the inclusion of graph information leads to a
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Table 7.7: Ablation on Wiki-ZSL m = 15.

Model p R F1

MC-BERT-KG - graph only 69.63 66.16 67.78
MC-BERT-KG - 1 - hop 70.00 71.06 70.05
MC-BERT-KG - 2 - hop 76.74 7595 76.25
MC-BERT-KG - 3 - hop 75.44 7546 75.44
MC-BERT-KG - with direct triples 76.95 75.57 76.25
MC-BERT-KG 79.28 76.95 78.07

performance far beyond the previous SOTA. We suspect that the impact is higher
on this dataset as there are more relations to disambiguate in comparison to DWIE
and Re-DocRED.

Zero-shot. In zero-shot RE, the influence of graph information exhibits variation
across tasks. As shown in Table 7.6, graph information significantly enhances
performance in the most challenging scenario (m = 15) for the Wiki-ZSL dataset.
While its impact on FewRel is comparatively modest, our method still surpasses
the previous state-of-the-art by two F1-measure points. This indicates that graph
information is particularly beneficial when data presents higher complexity or
ambiguity, whereas its advantage diminishes in simpler scenarios such as m =5
or m = 10. In almost every setting, except for FewRel with m = 5, incorporating
graph information results in a substantial performance enhancement compared
to not utilizing it, as evident when comparing to MC-BERT w/ descriptions. It is
important to note that integrating graph information is independent of other model
improvements, meaning that the current state-of-the-art methods across several
datasets could potentially be further enhanced by incorporating this additional
information as well.

7.3.3 Ablation studies

In addition to the ablation studies already included in the previous section, we
further investigate our method on the m = 15 split of the Wiki-ZSL dataset.
Specifically, we analyse the influence of the number of hops and keeping the links
between subject and object entities.

Analyzing the ablation results for using only the graph model (Table 7.7), we
observe competitive performance with other state-of-the-art approaches, indicat-
ing that the KG context provides substantial cues to discern the correct relation,
especially in scenarios with a clear single correct relation. However, augmenting
this with textual information results in a substantial performance increase of
approximately 12 F1-measure points. This underscores the complementary nature
of text and graph information, highlighting the importance of leveraging both to
maximize RE efficacy. One advantage of the Wiki-ZSL dataset is that a relation
is consistently expressed between any two entities. If this were not the case,
the model would have to rely more heavily on textual context, making the
graph information less dependable. This is evident in the significantly poorer
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performance of KG-only methods on document-level RE datasets, as reflected in
Tables 7.3 and 7.4.

If we use fewer than 4 hops, we see a diminishing performance. Surprisingly,
only using 2-hops outperforms using at maximum 3-hops of path lengths. As the
1-hop distance is effectively not using any knowledge graph information due to
us filtering the single hops out, its performance reduces to the text-only model.
Interestingly, including direct triples during training actually reduces performance.
We attribute this to the model’s tendency to rely on straightforward single-hop
information rather than considering the broader context of the surrounding
neighborhood, which is not always the optimal approach.

7.4 Related Work

Regular RE is usually tackled as a classification problem. The input text is encoded,
and a classification head is attached. To encode text, CNNs (Zeng et al., 2014),
RNNs (Miwa and Bansal, 2016) or transformers (Zhong and Chen, 2021) are usually
employed. Recently, pre-trained models have been extensively used which are
fine-tuned on the RE task (Zhang et al., 2021; Zhou et al., 2021).

Document-level RE is tackled mostly in two different ways: either by improving
the capabilities of pre-trained language models (PLMs) to identify expressed long-
range relations (Zhang et al., 2021; Zhou et al., 2021) or by representing the
text information in a more structured way by either modeling the document as
a graph (Xu et al,, 2021; Zeng et al., 2020) or by learning additional reasoning
rules (Fan et al., 2022; Qi et al., 2024; Ru et al., 2021). Our method is connected
to both as we combine the SOTA-performing models relying on PLMs with the
graph representation using graph neural networks.

Regarding zero-shot RE, representation-learning-based methods (Chen and Li,
2021; Tran et al.,, 2023; Tran et al., 2022; Zhao, Zhan, et al., 2023) usually try to
embed textual and relational information in the same vector space. The relational
information, such as labels or descriptions, is transformed into a representation
of the relation. Representations are learned such that the representation of the
true relation resides close to a representation of the text in the vector space, while
the false relation representations are pushed further away. Recently, generative
language models have been increasingly utilized for the task (Chen et al., 2022;
Chia et al,, 2022; Lv et al,, 2023; Ni et al., 2022). Here, the model is prompted
with the input text and information on the potential relations. The model is then
fine-tuned to either generate the relation as expressed in the input text or a full
triple consisting of the two entities and the relation. Some methods model the
problem as a textual entailment problem (Obamuyide and Vlachos, 2018; Rahimi
and Surdeanu, 2023; Sainz et al., 2021). The method by Lan et al. (Lan et al,,
2023) models relation classification as a multiple-choice problem where the text
is encoded with relation information and a score is calculated. This is done for
all relations, and the relation with the highest score is taken. As this method can
be equipped with knowledge graph information, we extend this method in our
zero-shot RE experiments.
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RE under the use of knowledge graph information is an underexplored area.
Recently, there have been only a few methods investigating this problem. Most
methods either incorporate only one-hop information of entities or rely on trained
static representations of entities making the generalization to unseen entities
difficult (Bastos et al., 2021; Jain et al., 2024; Moller and Usbeck, 2024c; Vashishth et
al., 2018; Verlinden et al., 2021). Others linearize the underlying graph information
while not considering the structural information (Jain et al., 2023). In contrast,
our method can generalize to new entities and even relations while considering
multi-hop information.

7.5 Conclusion and Future Work

We showed that incorporating graph information consistently improves RE, partic-
ularly when textual components are undertrained due to data scarcity. However, its
benefit diminishes in datasets where the main challenge is determining whether
a relation exists, such as document-level RE datasets. Thus, this inclusion is
especially valuable in zero-shot settings.

A post-prediction step that integrates relations predicted via text also enhances
document-level RE, particularly for very long documents.

Future work will focus on improving efficiency. The current subgraph sampling
introduces many irrelevant nodes; a more refined strategy would mitigate this.
Scalability is another challenge in zero-shot settings, as GNNs must run separately
for each relation, causing high computational overhead. Addressing this is crucial
for both RE and link prediction. Lastly, the method assumes an existing path
between entities, which is reasonable for link prediction. However, leveraging
graph information beyond direct paths could be valuable when textual evidence
is available.

We omitted LLMs for comparability with state-of-the-art methods. Our approach
remains orthogonal to improvements from fine-tuned LLMs, which could also
integrate graph components.
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Conclusion

8.1 Summary and Research Question Answers

In this thesis, we studied the impact of incorporating knowledge graph (KG)
information into the task of information extraction, specifically examining two
main tasks: entity linking (EL) and relation extraction (RE).

8.1.1 Entity Linking

In Chapter 3, we investigated how recent EL methods utilize KG information. We
compiled all EL methods, focusing on Wikidata, up to 2021 and analyzed which
elements of the Wikidata KG each method utilizes. This enabled us to answer the
first research question:

Research Question 1

How do recent Wikidata-based entity linking methods leverage knowledge
graph information?

We showed that recent EL methods only marginally consider the Wikidata KG.
While many methods rely on entity label information, entity descriptions are often
ignored and replaced with information from Wikipedia. Few methods consider
type information within the KG. The actual structural graph information, such as
the connections between entities, is utilized in a varying degree by either utilizing
knowledge graph embeddings or linearized triples, which are simplified textual
representations of graph structures. Furthermore, a unique quality of Wikidata,
qualifier information, which provides additional details on facts, is ignored by
most methods. Furthermore, we observed that the evolving nature of Wikidata is
not accounted for by any of the identified methods.
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Building on these findings, we investigated whether KG information has a positive
impact on the task of EL in Chapter 4, particularly for out-of-KG entities. We
incorporated KG embeddings into the EL approach in a two-stage process. In the
first stage, we link entities and determine whether they point to an out-of-KG
entity. During this stage, we link iteratively while considering the KG embeddings
of all previously linked entities as valuable context information. In the second
stage, we cluster the out-of-KG entities while considering the KG embeddings of
all surrounding in-KG entities in the same text. We evaluated this approach using
two datasets: one newly created and one synthetically modified EL dataset. This
setup allows us to answer the second research question:

Research Question 2

How does incorporating knowledge graph information affect the performance
of entity linking methods on out-of-KG entities?

While we observed a positive impact of the KG information on entities already in
the KG, the benefit for out-of-KG entities was limited. One possible explanation is
the small number of in-KG entities surrounding out-of-KG entities, combined with
the low expressivity of the KG embeddings employed in this study. KG information
can only have a positive impact on the linking of out-of-KG entities if there are
enough in-KG entities surrounding it in the text. In the extreme case, when only
a single entity, namely the out-of-KG entity, is part of the text, information from
the KG is unattainable and hence cannot be incorporated at all.

8.1.2 Relation Extraction

Having investigated the impact of KG information on EL, we next shifted our
focus to RE. Here, we examined the impact of fine-grained type information as
well as the structural information in the KG in both fully-supervised and zero-shot
settings.

We incorporated fine-grained type information in two forms: as textual informa-
tion and as vector representations.

In Chapter 5, we first incorporated fine-grained type information in textual form
into zero-shot RE. In this case, fine-grained types refer to more detailed ones as
available in Wikidata, such as shipyard, movie or similar and are not limited to the
usual entity types as encountered in named entity recognition (NER), like person,
location, and organisation. We achieved this by adding the text labels of types of
the subject and object entity by. The input to a cross-encoder-based method is
here the concatenation of the input text, the entity types as well as the label and
description of the potential relation. The rationale is that the description of the
relation provides cues about the type of entities that usually interact within the
scope of the relation.

Given this method, we can answer the third research question:
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Research Question 3

What effect does the inclusion of fine-grained entity types have on the task
of zero-shot relation extraction?

We demonstrated that the inclusion of type information was effective, as it resulted
in a significant boost in performance in the zero-shot setting. This performance
increase becomes even more noticeable when faced with a larger number of
potential relations to extract. When more relations are available to match against,
there is also a greater likelihood that another similar relation might co-occur,
where the type information is crucial.

Next, in Chapter 6, we investigated the impact of fine-grained entity-type informa-
tion in a closed information extraction. This refers to extracting complete linked
triples from text. Our main focus was on RE, aiming to improve the extraction
of complete linked triples from text by integrating type information into the RE
component.

Rather than using the types in their textual form, we represented each type as a
vector and included these vector representations of the subject and object entity
types within the RE method. For EL, we used token-pairwise span detection for
identifying entity mentions, a standard bi-encoder to generate candidates and a
cross-encoder for ranking the entities. We investigated the impact on datasets
with a varying degree of relations by conducting experiments on a dataset with
nearly a thousand relations and others with fewer than a hundred. This analysis
addresses the fourth research question:

Research Question 4

How does the utilization of fine-grained entity-type information affect the
performance of relation extraction methods with numerous relations?

We observed that EL performs very well on the datasets, but RE remains a challenge.
When dealing with hundreds of relations, the inclusion of fine-grained entity-type
information produced a noticeable positive impact compared to models without
type information and compared to an existing generative approach that extracts
triples directly from text. For datasets with fewer relations, the overall performance
improvement was less significant. Nonetheless, we still observed a positive effect
on long-tail relations, indicating that additional type information benefits relations
that are rarely seen during training.

Lastly, in Chapter 7, we explored the impact of structural information on RE
by incorporating conditional message passing on the KG into RE methods. We
sampled a two-hop neighborhood around each entity in the KG that appears in
the text, which resulted in a subgraph with 4-hop paths connecting all entities.
We then applied a conditional message passing method to propagate information
between entity pairs, thereby generating a representation of their relationship in
the KG. This KG-derived representation was then integrated with a RE method that
also uses the textual input. We applied two versions of the RE method: one for the
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fully-supervised setting and another for the zero-shot setting. We evaluated the
performance of these methods on various datasets, ranging from sentence-level
to document-level RE datasets. Additionally, we compared the zero-shot approach
with the fully-supervised one.

Based on this, we can answer the last research question:

Research Question 5

What impact does the inclusion of structural information from the knowledge
graph have in zero-shot and fully-supervised relation extraction settings?

We found that incorporating structural KG information through path information
between entities positively impacts RE performance. This effect is especially
pronounced under limited supervision and ambiguous relationships, as seen in the
comparison between a fully-supervised and zero-shot settings, where the impact
in the zero-shot setting is significantly larger. Additionally, we demonstrated that
considering shorter paths yields decreased performance.

In summary, we have shown that, across many scenarios, incorporating KG
information can significantly aid in the task of information extraction. As the
data to be extracted and the underlying background KG can differ considerably,
utilizing more information that connects the two is highly beneficial. With the
ever-increasing amount of data created every day and vastly differing needs in
regard to what to do with the data, being able to generalize to new entities or
even relations is vital. It can certainly be said that a solution to this problem has
not yet been found, as full generalizability to new texts and KGs has not yet been
achieved. However, we were able to contribute to certain aspects of the hopefully
not far-distant solution to this.

8.2 Limitations and Future Work

In this section, we discuss the limitations of our current work and outline directions
for future research.

8.2.1 Dataset and Knowledge Graph Limitations

We conducted a survey on the use of KG information in EL where we focused only
on the Wikidata KG in Chapter 3. While our work focuses on general-purpose,
open-domain KGs, there are domain-specific surveys in other areas, such as the
biomedical field (Shi et al., 2023). Conducting comparative analyses across different
domains and KGs would be a valuable direction for future work.

The same applies to the chapters introducing different approaches. Most of them
were evaluated using the Wikidata KG. Exploring the impact of knowledge graph
information in other domains and with different KGs would provide valuable
insights.
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The Wikievents dataset introduced in Chapter 4, which is based on the "Current
events" section of Wikipedia, lacks rich context in the form of co-occurring entities.
This was the case as the used text examples consisted of short summaries of news
articles. Investigating the impact on longer, more realistic documents could be
very beneficial.

Finally, there is a lack of datasets focusing on knowledge graph population under
realistic settings. Most existing works and their respective dataset address EL and
RE problems separately, including their respective subtasks. Zero-shot approaches
usually concentrate only on new entities or relations, without considering that
existing elements also require linking. Assessing methods that perform both EL
and RE using an incomplete background KG is a logical next step, as it accounts
for the complexities involved in building a real-world KG. Entities and relations
are often missing, making it crucial to study how these methods fare in more
realistic scenarios. To achieve this, developing an appropriate dataset is essential
as there is currently a lack of one, and we believe this will be a vital step forward.

8.2.2 Modeling and Methodological Limitations

Due to availability reasons, we relied on static KG embeddings in Chapter 4.
While this does not limit out-of-KG EL performance, it does limit the zero-shot
EL performance on in-KG entities. More recent and powerful GNNs (Busbridge
et al., 2019; Galkin et al., 2024; Zhu et al., 2021) outperform static KG embeddings.
Investigating such methods is a promising and necessary step for future work.
Furthermore, while entity linking for in-KG entities has reached acceptable per-
formance levels, the identification and clustering of out-of-KG entities remain
unsatisfactory. As a result, this problem is still far from being solved.

The triple extraction method in Chapter 6 was not trained in an end-to-end setting.
Employing end-to-end training could potentially lead to further improvements.
Additionally, we incorporated type information primarily in the RE. It has been
shown in the literature that integrating it into EL leads to performance increases
as well (Ayoola et al., 2022; Raiman, 2022; Raiman and Raiman, 2018). Integrating
and training both methods, RE and EL, jointly promises further performance
improvements. In regard to the entity type representation we relied on assigning
an independent vector representation to each entity type. Exchanging this with
other embeddings which consider the hierarchical nature of type information
might be beneficial as well (Dai and Zeng, 2023; Lopez et al., 2019).

8.2.3 Efficiency and Scalability Challenges

The way the zero-shot RE methods in Chapters 5 and 7 include KG information
is inefficient because the text encoder-only model must process each relation
separately. When the number of relations is large, this causes a significant
computational overhead. Incorporating KG information in a prototypical learning
framework (Snell et al., 2017), which is often used in zero-shot RE, can greatly
improve efficiency. In this context, prototypical learning involves creating a
latent representation, or prototype, for each relation. This prototype serves as a
reference to match actual relation instances. The benefit is that each relation’s
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representation needs to be computed only once, and then each input example can
be compared simply using a similarity measure, such as the dot product.

8.2.4 Integration with Large Language Models (LLMs)

We did not involve large language models (LLMs) in our experiments for several
reasons. First, this thesis began in 2021, at a time when open-source LLMs were not
yet available. Such models only became widely accessible in 2023, with the release
of open-source models like LLaMA (Touvron, Lavril, Izacard, Martinet, Lachaux,
Lacroix, Roziere, Goyal, Hambro, Azhar, et al., 2023b). Second, our methodology
often relied on fine-tuning, which remained feasible with smaller pretrained
models and the hardware available at the time. Third, our work builds on prior
approaches that predominantly employed encoder-only architectures, to which
our methods are most directly applicable. Nevertheless, many of the techniques
developed here are compatible with LLMs, and we expect that the integration of
KG information would remain beneficial in that context. In related areas such as
question answering, the value of KG integration has already been demonstrated
through Graph-RAG and similar approaches (Peng et al., 2024). While there
are few generative methods already considering a background KG (Mai et al.,
2025; Zhang and Soh, 2024) many only focus on performing open information
extraction from text (Das et al., 2024; Prabhong et al., 2024; Zhang, Cao, Wang,
et al., 2024). Extending our work to LLMs and decoder-based architectures is
therefore a promising direction for future research.

8.3 Final Remarks

This thesis highlights the ongoing importance of structured knowledge in modern
natural language processing systems. By systematically studying how different
types of KG information affect KG population tasks, we provide insights that can
inform future model design, particularly in low-resource and zero-shot settings.
As research increasingly moves toward integrating symbolic and neural repre-
sentations, we hope that this work contributes a meaningful step toward more
interpretable, robust, and adaptable information extraction systems.
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