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Abstract Entity linking involves associating mentions of entities in natural language texts, such as references to peo-
ple or locations, with specific entity representations in knowledge graphs like DBpedia or Wikidata. This process
is essential in natural language processing tasks, as it aids in disambiguating entities in unstructured data, thereby
improving comprehension and semantic processing. However, entity linking faces challenges due to the complex-
ity and ambiguity of natural languages, as well as discrepancies between the forms of textual entity mentions and
entity representations. Building upon our previous work, this study extends the E-BELA –Enhanced Embedding-
Based Entity Linking Approach, which is based on literal embeddings. We extend our previous work by evaluating
E-BELA using a new dataset, conducting a comprehensive analysis of failure cases and limitations, and provid-
ing further discussion of our results. E-BELA associates mentions and entity representations using a similarity or
distance metric between vector representations of them in a shared vector space. The results suggest that our ap-
proach achieves comparable performance to other state-of-the-art methods, while employing a much simpler model,
contributing to the field of natural language processing.
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1 Introduction
The exponential growth of data published on the Web
has ushered in an era of information overload. Persons
generate more information than they can actually process
and consume [Mello et al., 2024; Naseem et al., 2021;
Srinivasan and Mani, 2018; Leng et al., 2018; Colucci
et al., 2016; Di Noia and Ostuni, 2015; Di Noia et al., 2012;
Mirizzi et al., 2012]. Additionally, natural language, one of
the most important forms of data on the Web, is inherently
complex and ambiguous. In this context, the term “natural”
refers to languages used by humans for communication,
writing or speaking [Caseli et al., 2024].
To address this scenario, many efforts have been made.

Among them, the creation of the Web of Data stands out,
achieved through the development of Linked Open Data
(LOD) datasets. These datasets are massive Knowledge
Bases (KBs), often organized as Knowledge Graphs (KGs),
containing millions of entities and billions of factual
relationships [Ngomo et al., 2020]. Moreover, a key char-
acteristic is their machine-readable nature [Jia et al., 2021b].
Examples of such datasets include DBpedia1, Wikidata2,
YAGO3, among others.
Associating data published on the Web to data in such

KGs may mitigate the complexity and inherent ambiguity
of natural language, as well as enrich these KGs. This

1https://www.dbpedia.org/
2https://www.wikidata.org/
3https://yago-knowledge.org/

purpose may be achieved by aligning entity mentions
obtained from the data published on the Web, such as
references to people or places, and entity representations in
KGs, hereinafter referred to as entities. In addition, this
alignment aid a wide variety of tasks, such as populating
knowledge bases, content analysis, relation extraction, and
question-answering [Shen et al., 2023]. This alignment is
one of the main tasks in Natural Language Processing (NLP)
[Dubey et al., 2018; Jia et al., 2021b] and is defined as
Entity Linking (EL), also known as Named Entity Linking,
Named Entity Disambiguation, or Entity Disambiguation.
However, EL must address the complexity and ambiguity

of natural language, since entity mentions may be written in
many ways. For instance, a name can be written in full, par-
tial, abbreviated, or even nickname forms (e.g., the abbrevi-
ation “LA” and the nickname “City of Angels” for the city
of “Los Angeles”). Moreover, mentions can ambiguously
refer to multiple entities. For instance, the mention “Wash-
ington” could refer to the American state of “Washington”,
the capital city of the United States, “Washington DC”, the
actor “Denzel Washington”, or even the first US president,
“GeorgeWashington” [Shen et al., 2023; Yamada et al., 2016;
Dubey et al., 2018; Jia et al., 2021b; Li et al., 2022].
Many NLP tasks are based on vector representations of the

data. Such vectors, encompassing both feature vectors and
embeddings, represent each element (such as term, phrase,
object, node, ...) as a sequence of features ⟨f1, f2, ..., fn⟩.
These vectors usually contain binary values (fi ∈
{True, False}), numerical values (Fi ∈ R), or nominal val-
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ues (fi ∈ S, where S is a finite set of symbols) values. These
representations enable models to process diverse structured
data, making them essential in computational learning tasks
tasks [Ristoski and Paulheim, 2016; Ristoski et al., 2019].
Feature vectors typically encode discrete attributes like

word frequency, part-of-speech tags, syntactic dependen-
cies, or named entity categories. In contrast, embeddings
play a complementary role by capturing semantic rela-
tionships. The main idea is to represent the meaning of a
piece of natural language (such as text, images, or audio)
using dense, low-dimensional vectors with real-valued
components. These vectors are also referred to as latent
representations [Shen et al., 2023].
Furthermore, these embedding vectors are designed to cap-

ture semantic similarity, specifically distributive semantics.
In the context of word representations, similar words should
be close to each other in the vector space [Yamada et al.,
2016]. Additionally, distributed representations of words in
dense vectors help learning algorithms achieve better results
in NLP tasks, due, for example, to the proximity of similar
words, considering the distance between them in the vector
space [Mikolov et al., 2013b].
In addition to the challenge of obtaining vector repre-

sentations of mentions and entities, the entity mentions
present in sentences are in natural language, whereas the
KG data in LOD is represented by graphs. Specifically,
these graphs adhere to the Resource Description Framework
(RDF4), in which information and facts are represented
as interconnected nodes linked by edges. A directed and
labeled graph known as an RDF graph, which also serves
as a Knowledge Graph [Heath and Bizer, 2011; Pereira and
Ferreira, 2019; Gomes et al., 2022].
For the reasons mentioned above, Pereira and Ferreira

[2024] proposed a simple and effective approach for EL,
called E-BELA, an acronym for “Enhanced Embedding-
Based Entity Linking Approach”. E-BELA associates entity
mentions from a text with their corresponding entities in a
KG. In that work, we used embedding representations to
put mention and its entity close in a common vector space,
considering their semantic context. Our hypothesis was that
this approach would allow for more precise and coherent
linking between mentions and entities by calculating their
similarity or distance. In short, based on the similarity
or distance between the representations of mentions and
entities, E-BELA will be capable of linking the mention
to the closest entity, using similarity or distance metric. It
is essential to emphasize that the context surrounding the
mention must be taken into account.
This article expands upon our preliminary findings

presented in [Pereira and Ferreira, 2024]. Building on
our prior work, we enhance our experimental scope by
incorporating a new evaluation dataset, conducting a com-
prehensive analysis of failure cases, acknowledging the
limitations of our approach, and providing a more detailed
discussion of our results.
Given that entity mentions are expressed in the form of

natural language and the entities in the KG are described
using object nodes with natural language descriptions, we

4https://www.w3.org/RDF/

hypothesize that obtaining entity embeddings based on their
literal data ensures that their vector representations are in
the same vector space of the mentions, and, we hope, are
also close within that space.
Based on the context, problem, and objectives presented,

we pose the following research questions:

• RQ 1: Does adopting entity embeddings derived from
the embeddings of their associated literals provide ad-
vantages in terms of effectiveness for the EL task com-
pared to other approaches documented in the literature?

• RQ 2: Do the vector representations of KG literals and
entities retain the semantic contexts of their correspond-
ing literals?

• RQ 3: Does the number of predicates and, consequently,
literals associated with KG entities impacts EL accu-
racy?

Thus, our main contributions include: (1) the proposal
of an EL approach that in our experimental study achieves
comparable performance to the existing approaches. Further-
more, our approach effectively addresses several challenges
of natural language by leveraging the semantics present in
entity literals within a KG, as well as in mentions and their
contexts. By integrating this rich semantic information, we
mitigate the complexity and ambiguity inherent in natural
language, thereby establishing more precise and coherent
links between mentions and their corresponding entities; (2)
additionally, we represent DBpedia through embeddings,
which are applicable to tasks involving semantic similarity,
such as clustering, textual similarity, and semantic search.
Moreover, this representation enables the recovery of enti-
ties semantically similar to a given mention within the KG;
(3) Additionally, as previously mentioned, we extend our
previous work [Pereira and Ferreira, 2024] by incorporating
a new evaluation dataset, conducting a comprehensive
analysis of failure cases, and identifying the limitations of
our approach. These refinements enable a more detailed
discussion of our findings, offering deeper insights into the
strengths and challenges of our methodology.
The remainder of this article is organized as follows.

Section 2 provides the theoretical background by formally
defining KG, EL and discussing key aspects of Sentence
Encoders. Section 3 presents a comprehensive overview of
related work in this field. Section 4 outlines the details of our
proposed approach. Section 5 describes the experimental
evaluation and analyses the results. Finally, Section 6
summarizes the key findings, discusses limitations, and
outlines potential avenues for future research.

2 Background

In this section, we provide an overview of the theoretical
background that guided the development of E-BELA.We be-
gin by formally defining what constitutes a KG, then present
a definition of EL. Subsequently, we discuss two sentence
encoder models that were employed in E-BELA.
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Figure 1. Illustration of Entity Linking. The rectangle on the left contains a snippet of text in natural language (mention context) and highlights two entity
mentions in rounded rectangles. The cylinder on the right represents a portion of a KG. The dashed arrows represent the linkages from the mentions to the
entities in the KG.

2.1 Knowledge Graph
A KG is a graph-based data structure where nodes represent
entities or literals, and edges represent the relationships be-
tween them. This structure allows for the storage and re-
trieval of interconnected information in a way that is both
human-readable andmachine-interpretable, enabling various
applications such as semantic search, question answering,
and recommendation systems. Formally, a KG is defined as
a collection of subject–predicate–object triples, denoted as
⟨s, r, o⟩. In this formulation: E represents the set of entities,
R represents the set of relations, and L represents the set of
literals. Within each triple, s ∈ E denotes an entity serving
as the subject, r ∈ R represents the relation or predicate con-
necting elements, and o ∈ (E ∪ L) indicates that the object
can be either another entity or a literal value [Li et al., 2023].

2.2 Entity Linking
As previously discussed, EL involves associating mentions
within textual data to corresponding entities within KGs, cre-
ating a foundation for utilizing the knowledge stored in struc-
tured data. This provides semantic information that enables a
better understanding of texts. EL typically involves a three-
step process: mention recognition: identifying the span of
text that constitutes an entity mention; candidate generation:
for each entity mention m ∈ M , the EL system filters candi-
date entities; disambiguation: selecting the most likely entity
to be linked to the mention [Li et al., 2023].
EL can be formally defined as follows. Given a docu-

ment D containing a set of named entity mentions M =
{m1, m2, ..., m|M |} alongwith its context, and aKG contain-
ing a set of named entities E = {e1, e2, ..., e|E|}, the goal is
to define a function f that maps each entity mentionmi ∈ M
to its corresponding entity ej ∈ E [Shen et al., 2023].

Figure 1 illustrates the Entity Linking process. The rectan-
gle on the left contains a snippet of text in natural language.
There are two mentions of persons and one mention of pro-
fessional occupation. In this case, the mentions are Barack
Obama, Lolo Soetero and geographer. On the right, we illus-
trate a part of a KG with several RDF triples. In this exam-
ple, the entities are Q4115068 (Lolo Soetero), Q76 (Barack
Obama) and Q901402 (geographer) and their properties are
represented by the Label,Description andOccupation edges.
The connections between the mentions of entities and their
corresponding entities in the KG are symbolized by dashed
arrows. The EL task can leverage the context surrounding
the mentions, such as the surrounding text in the rectangle in
Figure 1, and the contextual information associated with en-
tities within the KG, such as their descriptions and related in-
formation available in the literal nodes linked to the entities.

2.3 Sentence Encoders

In this section, we discuss models that have long been recog-
nized as state-of-the-art in sentence encoding, focusing on
key works that have significantly contributed to the field.
These works are employed in this study to enhance the ac-
curacy and effectiveness of EL.
A sentence embedding is a function that maps a sentence—

an ordered sequence of words—to a fixed-dimensional vec-
tor capturing its semantic content. Formally, let S be the
set of all sentences over a vocabulary V and consider a sen-
tence s ∈ S represented as s = (w1, w2, ..., wn) with each
wi ∈ V . A sentence embedding is defined as a function
f : S → Rd, where d is the dimensionality of the embed-
ding space [Stankevičius and Lukoševičius, 2024].
In [Cer et al., 2018], the authors propose the Universal

Sentence Encoder (USE) for encoding sentences into
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embedding vectors. They introduce two models: one
based on Transformers [Vaswani et al., 2017] and another
based on the Deep Averaging Network [Iyyer et al., 2015].
These models are designed to facilitate transfer learning for
various tasks. USE accepts English text of varying lengths
as input and produces fixed-dimensional 512-dimensional
embedding vectors as output. The training of USE involves
both unsupervised data fromWikipedia and other sources, as
well as supervised data from the Stanford Natural Language
Inference (SNLI) corpus.
In [Reimers and Gurevych, 2019], the authors introduce

Sentence-BERT (SBERT), a modification of the pre-trained
BERT network. SBERT employs siamese and triplet net-
work structures to generate semantically meaningful sen-
tence embeddings, which can be compared using cosine sim-
ilarity. To achieve this, SBERT incorporates a pooling oper-
ation to the output of BERT, resulting in fixed-size sentence
embeddings. The authors explored various training objec-
tives, including classification with softmax, regression with
mean-squared error, and triplet loss. Initially, SBERT mod-
els were trained on two prominent Natural Language Infer-
ence (NLI) datasets: SNLI [Bowman et al., 2015] and Multi-
Genre NLI [Williams et al., 2018]. Building upon SBERT,
numerous models have been developed. In this work, we uti-
lize the SBERT-based model all-mpnet-base-v2, trained on
over one billion sentence pairs, which maps sentences and
paragraphs to 768-dimensional vectors.

3 Related Work

EL is an essential task in Natural Language Processing,
widely used in several downstream applications, such as
question-answering systems, relation extraction, knowledge
base population, content analysis, and so on [Shen et al.,
2023]. Therefore, over time, this challenge has attracted a
wide variety of solutions [Li et al., 2022].
Initially, many works in this field were based on tradi-

tional machine learning techniques, relying on local context
compatibility, global coherence, manually designed features
(such as entity popularity), and rule-based methods [Shen
et al., 2015]. However, the rapid development of deep
learning techniques has led to new approaches that outper-
form the results of previous ones [Li et al., 2022]. As said
before, the EL process involves three subtasks: (1) mention
recognition, (2) candidate entity generation, and (3) entity
disambiguation. Various approaches have been employed to
address these subtasks.
Table 1 provides an overview of the works related to the

EL task, listing the methods utilized for each subtask of EL.
The second column presents the methods employed for men-
tion recognition, while the third column outlines the methods
used for candidate generation, highlighting that all works uti-
lize external sources for candidate generation. The fourth
column lists the methods applied for disambiguating. The fi-
nal column enumerates the datasets used in those works for
experimental evaluation. Note that, the first three works per-
form EL and RL jointly. Below, we detail those works.

3.1 Joint Linking of Entities and Relations
The following works share the common characteristic of
jointly performing entity and relation linking. Additionally,
they obtain the candidate entities using ElasticSearch5.
In [Li et al., 2023], a method called JLEAR is proposed.

JLEAR performs mention recognition by jointly labeling en-
tity and relation mentions through end-to-end neural net-
works, specifically utilizing BERT, BiLSTM, and CRF. The
subtask of candidate generation is executed using Elastic-
search to create and index lists of pairs consisting of entity
mention-URIs and relation mention-URIs. JLEAR aims to
explore both independent and joint features of the candidates
for disambiguation. Independent features include entity pop-
ularity, literal similarity (levenshtein distance), and semantic
similarity. Joint features leverage the correlation between
candidate entities and relations.
In [Sakor et al., 2020], the authors introduce Falcon 2.0.

Themention recognition phase of Falcon 2.0 consists of three
modules: POS tagging, tokenization & compounding, and N-
Gram tiling. For candidate generation, they used indexes of
mention-URI pairs built with Elasticsearch. Falcon 2.0 em-
ploys a disambiguation method based on two modules: the
first one called Matching and Classification, and the second
called Relevant Rule Selection. Matching and Classification
combines entities and relations from the candidate list into
RDF triples and verifies their existence in the KG. Relations
and entities related to existing triples receive higher scores.
Relevant Rule Selection interacts with the previous module,
suggesting score adjustments for some candidates based on
a pre-built rule catalog.
Finally, Dubey et al. [2018] propose a framework called

EARL. EARL performs mention recognition through shal-
low parsing, which involves extracting keywords and clas-
sifies them as entity or relation mentions. As in previously
cited works, Dubey et al. [2018] used Elasticsearch indexes
to generate candidates. In EARL, disambiguation relies on
two strategies: Generalized Traveling Salesman Problem
(GTSP) and Connection Density. GTSP evaluates the short-
est path between combinations of entities and relations in the
candidate lists, while Connection Density is based on fea-
tures such as the number of connections and hops in the KG.

3.2 Entity Linking
The following works perform EL in an isolated manner, em-
ploying a variety of strategies.
In [Chen et al., 2023], the authors propose modeling the

EL task using reinforcement learning. They introduce high-
level and low-level procedures and policies for mention de-
tection and disambiguation. The authors detect mentions at
a high level using a transformer followed by a feed-forward
network. In this work, they consider a pre-computed set
of candidates for entity disambiguation. For disambigua-
tion, they employ a state-of-the-art generative entity retrieval
method proposed in [Cao et al., 2021].
In [Luo et al., 2023], the authors propose a model for en-

tity linking through a deep semantic modeling of sentence

5https://www.elastic.co/products/elasticsearch
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Table 1. Overview of related works.

Authors Mention
Recognition

Candidate
Generation Linking Datasets

Li et al. [2023]
(JLEAR) BERT+BiLSTM+CRF Elasticsearch Independent and Joint Features LC-QuAD

QALD-7
Sakor et al. [2020]
(Falcon 2.0) Catalog of rules Elasticsearch “Matching Ranking” and

“Relevant Rule Selection”
LC-QuAD 2.0
SimpleQuestion

Dubey et al. [2018]
(EARL) Keywords and LSTM Elasticsearch GTSP and Connection Density LC-QuAD

QALD-7

Chen et al. [2023]
(Reinforcement learning)

Transformer
+
FNN (Softmax)

Generative
Entity
Retrieval

Generative
Entity
Retrieval

AIDA-CoNLLR500,
OKE15,
OKE16,
Der

Li et al. [2022]
(KGEL) -

Use local and
global models
(Wikidata and Wikipedia)

Use local and
global models
(Wikidata and Wikipedia)

AIDA-CoNLL,
MSNBC,
AQUAINT,
ACE2004

Yamada et al. [2022] - PPRforNED dataset,
Elasticsearch

BERT Based Masked Language Model
(Softmax over candidates entities)

AIDA-CoNLL,
MSNBC,
AQUAINT,
ACE2004

Luo et al. [2023] - Local and Global Models Local and Global Models

AIDA-CoNLL,
MSNBC,
AQUAINT,
ACE2004

Jia et al. [2021a] - Elasticsearch Siamese Network
(BERT based)

AIDA,
KBP2017

Yamada et al. [2016]
Extended Skip-gram Model
(Wikipedia Link-based Measure,
Anchor Context Model)

- PPRforNED dataset,
Elasticsearch

Text Similarity
Textual context
Modeling Coherence

AIDA-CoNLL,
TAC 2010

representations. The model first leverages unsupervised con-
trastive learning to optimize a BERT-based semantic space,
thereby producing more expressive sentence embeddings.
These enriched embeddings are further refined via an atten-
tion mechanism that facilitates semantic interactions among
them, ensuring a robust capture of the contextual nuances
present in the text. This strategy is similar to the one pro-
posed in [Jia et al., 2021a]. Additionally, the model incor-
porates supplementary sentence-level similarity features, ex-
tracted from both the surrounding context and entity descrip-
tions, which are integrated with the local similarity signals
inherent in traditional entity linking frameworks, this strat-
egy is based on [Le and Titov, 2018].
In [Li et al., 2022], the authors propose KGEL (Knowl-

edge Graph-based Entity Linking) to enrich the EL pro-
cess by incorporating structural information from the knowl-
edge graph. To generate candidates, the authors employed a
method proposed in [Le and Titov, 2018]. KGEL utilizes
both local and global models to evaluate the mapping be-
tween mentions and entities. The local model calculates a
score based on the similarity between context embedding and
the entity embedding from candidate set. In the global model,
the scores between the candidate entities of all mentions in
the document are taken as the global score.
In [Yamada et al., 2022], the authors propose using two

sets of candidate entities, one for each specific set of eval-
uation datasets. They also propose entity disambiguation
using a BERT-based model [Devlin et al., 2019], which is
similar to the BERT Masked Language Model but trained to
predict masked entities.
In [Jia et al., 2021a], the authors proposed a sentence

representation-based model for Entity Linking, utilizing a
BERT-based Siamese Neural Network to effectively capture

sentence similarity. Its input layer processes two sentences:
one containing the entity mention and its surrounding con-
text, and the other providing a description of the selected en-
tity from Freebase. The architecture incorporates a BERT
encoder, followed by an attention layer and a Multi-Layer
Neural Network. Similar to other studies, Elasticsearch was
utilized to index candidate generation.
Finally, in [Yamada et al., 2016], the authors propose an

embedding-based method. As in [Yamada et al., 2022], the
authors use two sets of candidate entities, one for each spe-
cific set of evaluation datasets. For disambiguating, they
jointly embeds words and entities into the same vector space
using three Skip-gram models[Mikolov et al., 2013b,a]. The
disambiguation relies on two contexts: textual context simi-
larity that is based on the similarity between entity and word
vectors, and coherence that is based on a target entity and
other related entities. That method utilizes candidate lists
created in [Pershina et al., 2015].
Among the mentioned works, a variety of resources are

employed for the EL task, including: use of local and global
features [Li et al., 2022; Jia et al., 2021b; Dubey et al.,
2018; Yamada et al., 2022, 2016]; embeddings [Yamada
et al., 2016, 2022; Li et al., 2022; Chen et al., 2023]; algo-
rithms based on Neural Networks and Reinforcement Learn-
ing [Dubey et al., 2018; Jia et al., 2021b; Chen et al., 2023].
Although the approaches detailed in [Luo et al., 2023] and

[Jia et al., 2021a] also employ sentence representations for
entity linking—similar to our proposed model—E-BELA of-
fers several advantages. Unlike these referenced methods,
E-BELA utilizes pretrained models trained on extensive cor-
pora without any fine-tuning. Moreover, candidate genera-
tion is directly derived from vector representations produced
by encoders, enhancing efficiency. Another key advantage
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of E-BELA is its ability to handle multiple entity mentions
within natural language queries, making it a robust and scal-
able solution for EL tasks.
In E-BELA, we obtain literal embeddings by leveraging

transfer learning, a simplified process that eliminates the
need for additional training or fine tuning. This allows E-
BELA to obtain the list of candidate entities to be linked to
a mention directly from the KG. Many existing approaches
rely on external data sources. Furthermore, we disambiguate
by using the contexts of mentions and entities. This enables
E-BELA to achieve effective results when dealing with the
dynamic contexts of KGs, demonstrating the model’s robust-
ness in adapting to different scenarios without the need for
complex training interventions.

4 E-BELA

4.1 Overview
As mentioned, we proposed E-BELA in our previous
work [Pereira and Ferreira, 2024]. E-BELA aims to put repre-
sentations of mentions and their corresponding entities close
together within a vector space, enabling to perform EL by ap-
plying a similarity/distance metric. All artifacts comprising
E-BELA are available for download at the following address:
https://github.com/italompereira/E-BELA.
Figure 2 provides a general overview of E-BELA. In

the upper lane, the embedding process takes place, which
includes the selection and preprocessing of KG data, fol-
lowed by the actual embedding process that obtains the
entity vector representation. Next, E-BELA stores these
vector representations in a vector database. The lower lane
illustrates the entity linking process, where E-BELA re-
trieves candidate entities for mentions based on their vector
representations. Finally, it uses context information of the
mentions to disambiguate and associate the corresponding
entities to the mentions. It is worth highlighting that it is
not part of the scope of our work to identify mentions in a
natural language text; tools such as spaCy6 or NLTK7 can
be used for this task. We explain the processes in the upper
and lower lanes in the following subsections.

4.2 Embedding Process
In this subsection, we discuss the process of embedding,
from data selection and preprocessing to the generation of
vector representations for entities.
Since entity mentions in texts are expressed in natural lan-

guage and the entities in KGs have object nodes that also
describe them in natural language, as said before, it is pos-
sible to obtain their representations based on their literals,
ensuring that their vector representations are in the same vec-
tor space. Additionally, we expect semantically similar men-
tions and entities to have close vector representations.

6https://spacy.io/
7https://www.nltk.org/

Figure 2. Overview of E-BELA. The top lane illustrates the process of
embedding the KG entities. The bottom lane illustrates the entity linking
process, from generating candidate entities to subsequent ambiguity resolu-
tion.

4.2.1 Data Selection and Preprocessing

The KG datasets, such as DBpedia and Wikidata, are avail-
able for download through specific web pages. In our work,
we used DBpedia data, which includes ontology information
and links to other datasets, as well as the data. We gath-
ered files from “https://downloads.dbpedia.org/2016-
10/” that contain literal data describing the entities, as well
as files containing the necessary references for disambiguat-
ing the entities.
We structure those files into an extensive three-column

Apache Spark8 DataFrame: ⟨subject⟩ ⟨predicate⟩ ⟨object⟩.
Apache Spark was chosen due to its ability to handle large
volumes of data and its efficiency in performing queries, sim-
ilar to a relational database management systems.

4.2.2 Embedding Process

In this subsection, we discuss the process of obtaining vector
representations for literals and entities by E-BELA.
These representations can be obtained by training a lan-

guage model or through transfer learning from pre-trained
models. In our work, we chose transfer learning from pre-
trained models, which means that we did not perform any
type of training or fine-tuning of the models. These models
were trained on large data corpora, ensuring higher accuracy
and decreasing the computational cost and time.
We directly obtain vector representations for entity

mentions using these models. For KG entities, we employ
a two-step process: In the first step, E-BELA obtains
vector representations for the literal nodes. In the second
step, it obtains a vector representation for each entity by
aggregating the vector representations from its literals.

8https://spark.apache.org/

https://github.com/italompereira/E-BELA
https://downloads.dbpedia.org/2016-10/
https://downloads.dbpedia.org/2016-10/
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Literal Embeddings

In the first step, we evaluated the USE [Cer et al., 2018]9
and all-mpnet-base-v210 models. For more details, re-
fer to subsection 2.3. The latter is one of the original
models from SBERT [Reimers and Gurevych, 2019] for
sentence encoding. Both USE and SBERT encode text
into low-dimensional vectors, and can be utilized for text
classification, semantic similarity, clustering, and other
natural language processing tasks.
We chose these models because they have long been recog-

nized as state-of-the-art methods for encoding sentences into
embedding vectors, as demonstrated in [Cer et al., 2018] and
[Reimers and Gurevych, 2019]. Although large language
models (LLMs) can sometimes deliver superior performance,
they typically incur much higher computational costs. Fur-
thermore, these models are specifically designed for transfer
learning applications in NLP tasks.
The strategy for obtaining embeddings involves inputting

literals into the model, which processes them and gener-
ates representative multidimensional vectors. Equation 1 ex-
presses this operation, where embed(li) is the function that
takes a literal li (e.g., a word or sentence) as input and returns
its vector representation l⃗i as output. These vectors encapsu-
late the semantics contained within the literals.

l⃗i = embed(li) (1)

To conduct the experiments, we first sorted the data previ-
ously assigned to the Spark DataFrame (see subsection 4.2.1)
by the ‘subject’ attribute. This sorting allows us to iterate on
the data frame entity by entity. Next, E-BELA selects triples
with literals in English language. DBpedia identifies such
literals by using the ‘@en’ language tag, such as “story and
dialogues”@en, for instance. Additionally, E-BELA pre-
processes the literals by removing the following characters:
{(, ),′ ,′′ , ., , , :, <, >, ?, !, @, $, %, &}.
According to the USE documentation, there is no limita-

tion on the input size. However, as longer as the input text
more “diluted” is its embedding. The SBERT model, specif-
ically all-mpnet-base-v2, restricts input size to 384 charac-
ters. The USE model produces real-valued vectors with 512
dimensions, whereas the all-mpnet-base-v2model generates
real-valued vectors with 768 dimensions. These vectors are
primarily useful for semantic search tasks and semantic tex-
tual similarity.

Entity Embeddings

Figure 3 shows a simplified illustration of our proposed
approach. In this figure, entities Q76 and Q4115068 from
Wikidata represent “Barack Obama” and his stepfather
“Lolo Soetoro”, respectively, along with their literals.
We obtain literal vector representations for “Barack
Obama”, “44th president of the United States of America”,
“Stepfather of Barack Obama” using Equation 1. In the
figure, these representations are depicted as squares with
an orange background.

9https://tfhub.dev/google/universal-sentence-encoder/4
10https://huggingface.co/sentence-transformers/all-mpnet-base-v2

Figure 3. The figure illustrates the acquisition of vector representations
for entities. In this example, we have Q76 and Q4115068, along with their
literals. The rectangles containing multiple circles represent the vectors.

Subsequently, E-BELA obtains the entity vectors by av-
eraging the vector representations of their respective literals.
We hypothesize that constructing an entity’s representation
by averaging the semantic vectors of its associated literals
provides an efficient and effective method for positioning the
entity at a central point within the semantic space. In Fig-
ure 3, the vector representation of entity Q76 is calculated
by averaging the vectors of its literals. The vectors involved
in this calculation are highlighted by dashed green arrows
whose labels are eQ76. We also obtain the vector for entity
Q4115068 by averaging its vectors, in this case, only the lit-
eral vector of “Stepfather of Barack Obama”.
For obtaining entity vector representation close to vec-

tor representation of its corresponding mention, we chose
to use the vector representations from its literals to infer its
vector representation. This approach differs from methods
like RDF2Vec [Ristoski and Paulheim, 2016], which utilize
graph-specific embedding techniques.
We also evaluated other strategies for obtaining the

entity vector representation, including vector summation
and weighting based on literal frequencies in the KG. But,
averaging yielded the best results. Equation 2 expresses
this operation for obtaining the vector representation of
the j-th entity ej ,

e⃗j = 1
|Lej

|

|Lej
|∑

i=1
l⃗i, ∀l ∈ Lej

(2)

whereLej
represents the set of literal vectors associated with

that entity, and l⃗i is the i-th vector of the i-th literal in the set.
Due to the substantial number of vectors generated us-

ing a dataset like DBpedia, which results in a vast search
space during the entity linking process, we adopted Post-
greSQL 14.12 along with the pgvector11 plugin as our vec-
tor database management system. This plugin enables Post-
greSQL to perform exact and approximate searches (index-
ing the data) for nearest neighbors, using metrics such as L2
distance (Euclidean), inner product, cosine distance, L1 dis-
tance (Manhattan), Hamming distance, and Jaccard distance.
PostgreSQL efficiently indexes and retrieves close vectors
using a distance function.

11https://github.com/pgvector/pgvector
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4.3 Entity Linking
Generally, after mention recognition, we carry out EL in two
steps: (i) obtaining the candidate list and (ii) performing the
disambiguation process. Since the vector representations
of the entities and their literals are distributed within
the vector space, these tasks can be accomplished using
similarity or distance metrics.

4.3.1 Candidate Generation

We generate a candidate list for a given mention by compar-
ing the cosine similarity between its vector representation
with both entity and literal vectors from the KG. The candi-
date list contains the n most similar vectors, encompassing
both entity and literal vectors, compared with the mention
vector. This process is formally defined by Equation 3,

candidatesmi
= sort(sim(embed(mi), E ∪ L))[: n] (3)

where the function embed(mi) returns the mention vector
of the mention mi, the function sim returns the similarity
values between the mention vector and all entity and literal
vectors, E is the set of entity vectors, L is the set of literal
vectors, the function sort orders the similarity results, and
[: n] obtains the top n sorted results. In our experiments, we
assigned the value n = 100.
We chose the cosine similarity function based on: (i) usu-

ally entities from a KG have properties, as name and label,
whose vectors are close to the corresponding mention vec-
tor. For instance, the vector representation of the mention
“Japan” tends to be more similar with entities whose proper-
ties name or label contain the term “Japan”. (ii) the cosine
similarity function enables us to retrieval candidates, that are
distant using the euclidean distancemetric, but have small an-
gular difference from the mention vector representation. The
usefulness of this method is related to the fact that the embed-
dings carry relevant semantic information, and some models
position these distant entities with a small angle.
To illustrate, consider the following sentence: “Japan

scored two goals against China”. In this sentence, the men-
tions “Japan” and “China” individually describe Asian coun-
tries. However, within the context of the sentence, their
meaning is related to soccer teams. Cosine similarity enables
to retrieve soccer teams as candidate entities even when they
are more distant, considering Euclidean distance.

4.3.2 Disambiguation

The disambiguation process aims to associate a given men-
tion with a single entity selected from a list of candidates.
As mentioned, this candidate list is generated by compar-
ing the cosine similarity between the vector representation
of the target mention and the vectors representing the enti-
ties in the KG, which comprise both literal and entity vec-
tors. However, it is anticipated that some literal vectors as-
sociated with these entities may not be included in the initial
list. To address this, the list is augmented by incorporating all
literal vectors corresponding to the entities already present.
Consequently, the final candidate list encompasses all literal

vectors associated with these entities, alongside the entity
vectors themselves. The disambiguation process is then per-
formed on this comprehensive list.
Furthermore, to perform disambiguation, it is necessary

to consider the context of the mentions. In the previous ex-
ample, “Japan scored two goals against China”, “Japan” and
“China” are the mentions, and the whole sentence constitutes
the context. Although the mentions seem to refer to Asian
countries, the semantic context reveals that they correspond,
in fact, to soccer teams representing those countries.
Disambiguating a mention solely based on its individual

vector representation can be problematic. For example, in
the case of Asian countries, only entities representing those
countries should exhibit higher similarity scores. Therefore,
incorporating the context of the mention is crucial. How-
ever, in sentences containing multiple mentions, generating
distinct candidate lists for each mention is a challenge.
If we utilize a single vector representation for the entire
context, we may retrieve entities representing the soccer
teams of the mentioned countries alongside teams from
other countries. Alternatively, we could isolate the target
mention by removing other mentions from the sentence.
However, this approach can significantly diminish the
informativeness of the context.
Thus, we combine the mention vector of a target mention

with a context vector derived from the entire sentence. For
this, we employ a simple averaging strategy, similar to that
used for obtaining entity vectors.
Furthermore, during the disambiguation process, we em-

ploy Euclidean distance as distance function instead of the co-
sine similarity. Mean vectors represent central points among
vectors involved in the operation. Thus, applying Euclidean
distance seems more promising than using the cosine simi-
larity function. Nonetheless, we evaluated both functions.
In this scenario, the closest entity, considering the

Euclidean distance, is the most probable entity to be
linked to the mention.

5 Evaluation

5.1 Experimental Setup

Datasets
We evaluated E-BELA using DBpedia (version 2016-10)12
as our KG, a robust knowledge graph composed of millions
of RDF triples. We specifically focus on files containing
literal data that describes entities, including the ‘disambigua-
tions_en.ttl.bz2’ file, which provides mappings between dif-
ferent URIs that refer to the same real-world entity. Table 2
details the files used in our experiments (downloaded from
https://downloads.dbpedia.org/2016-10/core/).
These files contain 119, 157, 509 RDF triples, representing
35, 318, 483 entities and 27, 370, 487 literals.
To evaluate E-BELA, we utilized two widely-used bench-

mark datasets: QALD-7 [Usbeck et al., 2017] and LC-
QuAD [Trivedi et al., 2017]. Originally designed for the
Question Answering over Linked Data task, the QALD-7

12https://downloads.dbpedia.org/2016-10/

https://downloads.dbpedia.org/2016-10/core/
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Table 2. The DBpedia files used in this work
Files
infobox_properties_en.ttl.bz2
instance_types_en.ttl.bz2
labels_en.ttl.bz2
long_abstracts_en.ttl.bz2
mappingbased_literals_en.ttl.bz2
mappingbased_objects_en.ttl.bz2
persondata_en.ttl.bz2
disambiguations_en.ttl.bz2
infobox_property_definitions_en.ttl.bz2
specific_mappingbased_properties_en.ttl.bz2

dataset contains natural language questions with entity men-
tions and SPARQL queries that include entity URIs. How-
ever, despite its extensive use in previous research detailed
annotations mapping entity mentions to their corresponding
entities were not available.
TheQALD-7 dataset comprises 215 training questions and

43 test questions. Given that our methodology does not in-
volve model training or fine-tuning, and in alignment with es-
tablished evaluation practices—where the test subset is typi-
cally used exclusively—we opted to exclude the training data
from our analysis. To ensure a robust evaluation, we care-
fully annotated the 43 test questions using available SPARQL
queries, establishing 54 links between mentions and entities.
To promote reproducibility, we have made both the an-

notated dataset and our source code publicly available on
GitHub, as detailed in subsection 4.1. Our evaluation specif-
ically focuses on the ‘qald-7-test-multilingual’ subset.
The LC-QuAD is a dataset of complex questions avail-

able for evaluating Question Answering Systems over KGs.
It contains 5,000 questions and their respective SPARQL
queries over the DBpedia dataset. In [Dubey et al., 2018],
the authors adapted LC-QuAD as a benchmark dataset for
entity and relation linking. Each question incorporates map-
pings between mentions and URIs of entities and relations
from the KG, along with the corresponding part of the text
in the question. The authors employed a semi-automated
annotation process followed by manual review to ensure
data quality. The annotated dataset is publicly available
on https://figshare.com/articles/dataset/Full_
Annotated._LC_QuAD_dataset/5782197.
For evaluating E-BELA using the LC-QuAD dataset, we

randomly selected a sample of 370 links between mentions
and entities out of the 6,612 available from LC-QuAD. The
LC-QuAD dataset encompasses 3,899 unique entities, as we
excluded 64 entities not found within the KG. Adopting a
confidence level of 95% , the estimated margin of error for
this sample is 5%.

Evaluation Metric
To evaluate E-BELA’s performance, we employed accuracy
as the primary metric. This choice aligns with established
methodological practices in prior research. Furthermore,
since EL is a single-label multiclass problem where each
mention is linked to one unique entity, accuracy, micro pre-
cision, micro recall, and micro F1 yield identical values. The
aggregation of true positives, false positives, and false neg-

atives across all classes ensures that these metrics all reflect
the same performance outcome [Shen et al., 2015].
Accuracy is defined as the ratio correctly linked entity-

mention pairs to the total number of evaluated pairs. In
general, it represents the proportion of correct predictions
(both true positives and true negatives) relative to the total
observations evaluated, as expressed by Equation 4.

Accuracy = Number of Correct Predictions
Total Predictions

(4)

Baselines
To compare our work, we selected recognized EL state-of-
the-art as baselines: EARL [Dubey et al., 2018], Falcon
2.0 [Sakor et al., 2020], and JLEAR [Li et al., 2023]. A com-
mon feature of these works is performing EL alongside rela-
tion linking, an approach we intend to explore in the future.
EL typically involves two key steps: generating a can-

didate list followed by disambiguation. Notably, none of
the baselines directly performed semantic entity candidate
search in the KG. However, E-BELA does perform this
search. To retrieve candidates, some of our baselines use
ElasticSearch to create an index of mention-URI pairs with
data from external sources and other KGs.
EARL and JLEAR evaluated the EL performance us-

ing accuracy on the LC-QuAD evaluation set. Falcon
2.0 adopted precision, recall, and f-score as evaluation
metrics. The evaluation was conducted on the LC-QuAD
2.0 test set. However, the authors did not describe how
mention-entity alignment was performed, as this dataset
does not have annotated data for the EL task. We obtained
its performance, based on LC-QuAD accuracy, from the
results reported in [Li et al., 2023].
In JLEAR [Li et al., 2023], the authors used entity

disambiguation information from DBpedia. This infor-
mation is available through a file containing mappings of
disambiguated URIs. Such ambiguity exists in the KG and
can impact model results. Consider the following RDF
triples, for example:

dbr:David_Bowen, disambiguates, dbr:David_Bowen_(cricketer)
dbr:David_Bowen, disambiguates, dbr:David_Bowens

The URIs dbr:David_Bowen, dbr:David_Bowen_
(cricketer) e dbr:David_Bowens ambiguously repre-
sent the same entity.
In our experiments, the DBpedia disambiguation file was

utilized during the E-BELA evaluation process to verify
the alignment of the model’s predictions with previously
mapped ambiguities. Specifically, when the entity predicted
by the model deviated from the entity labeled in the evalua-
tion datasets, the disambiguation file was queried to validate
whether the prediction corresponded to an ambiguity identi-
fied in the mappings.

Language Considerations
We evaluate E-BELA using English-language datasets in
conjunction with the USE and all-mpnet-base-v2models, the

https://figshare.com/articles/dataset/Full_Annotated._LC_QuAD_dataset/5782197
https://figshare.com/articles/dataset/Full_Annotated._LC_QuAD_dataset/5782197
dbr:David_Bowen
dbr:David_Bowen_(cricketer)
dbr:David_Bowen_(cricketer)
dbr:David_Bowens
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latter being specifically optimized for English tasks. How-
ever, since E-BELA relies on embedding representations, we
expect it to extend effectively to other linguistic contexts
when appropriate datasets and pre-trained models in those
languages are available.

Computational Costs
We performed EL with E-BELA by generating candidates
followed by disambiguation. For this research, we utilized
the PostgreSQL database alongside the pgvector plugin,
which supports the use of indexes to accelerate the com-
parison process. However, since these indexes produce
approximate rather than exact results, we decided not to
employ them during E-BELA’s evaluation to ensure the
accuracy of our results.
The candidate generation phase imposes the highest com-

putational cost. Without leveraging database indexes, E-
BELA systematically traverses the entire database, compar-
ing the vector representation of each mention to the vector
representations of all literals and their respective entities.
Assuming there are M mentions, N literals/entities,

and each vector is represented in d dimensions, the sim-
ilarity (or distance) computation for a single comparison
has a complexity of O(d). As E-BELA repeats this op-
eration for all M mentions, comparing them to all N
literals/entities, the overall computational complexity of this
phase amounts to O(M · N · d).

Computational Environment
We conducted the experimental evaluation of this work on
a Dell Alienware R15 computer, with Windows 11 Home
Edition operating system, equipped with an Intel i9-13900K
processor, an NVIDIA GeForce RTX 4070Ti graphics
card, and 32GB of RAM. We used Python 3.7.16 as the
programming language. We used Apache Spark 3.3.4 with
Hadoop 3, TensorFlow 2.10.1, Torch 1.10.1+cu113, and
Numpy 1.21.6 libraries. Spark depends on the availability
of a Java Virtual Machine. We use JVM 17.0.9. As the
Database Management System, we utilized PostgreSQL
14.12 along with the pgvector plugin.

5.2 Results and Discussion
In this study, we conducted experiments specifically de-
signed to address the research questions outlined in Section 1.
The method employed aimed to obtain empirical data to sys-
tematically address those inquiries. We designed each exper-
iment specifically to evaluate the related hypotheses and col-
lect relevant information, ensuring the validity and reliability
of the obtained results.

5.2.1 Experiment 1

Question 1: Does adopting entity embeddings derived from
the embeddings of their associated literals provide advan-
tages in terms of effectiveness for the EL task compared to
other approaches documented in the literature?

Table 3. Comparing the accuracy of E-BELA with baselines on
QALD-7 and LC-QuAD
Approach QALD-7 LC-QuAD
EARL 0.57 0.65
Falcon 0.38 0.74
JLEAR 0.73 0.83
E-BELA (USE) - disambiguation 0.63 0.68
E-BELA (USE) + disambiguation 0.67 0.74
E-BELA (SBERT) - disambiguation 0.64 0.78
E-BELA (SBERT) + disambiguation 0.72 0.84

To address this research question, we compared the effec-
tiveness of E-BELA against established baseline methods.
As mentioned, the evaluation was carried out on two datasets
and employed accuracy as the primary metric to quantify the
performance of E-BELA.
Table 3 presents the results, with the best performance

highlighted in bold. We present the results of E-BELA in the
last four lines of the table, utilizing both USE and SBERT
models. Furthermore, the descriptions ‘- disambiguation’
and ‘+ disambiguation’ indicate whether we used the DBpe-
dia disambiguation file in the evaluation.
Although we cannot make a direct comparison due to

differences in the sample space used in this work and the
baselines, as discussed in subsection 5.1, the data shown in
Table 3 highlight the validity of the proposed approach, con-
sidering the comparable accuracy achieved by E-BELA in
both evaluation datasets. Specifically, when considering the
sample error margin of the LC-QuaD dataset, E-BELA’s best
results demonstrate performance equivalent to JLEAR. It is
worth noting that the transfer learning model that achieved
our best results was the SBERT model all-mpnet-base-v2.
We theorize that the performance of the USE model may

have been compromised during the embedding process
because we did not limit the size of the input sentences.
As discussed in Subsection 4.2.2, longer input sequences
can lead to “diluted” embeddings. The all-mpnet-base-v2,
on the other hand, incorporates a parameter defining the
maximum sequence length, which is set to 384 characters.
Despite the lower accuracy achieved by the USE model, its
results are comparable to those obtained by Falcon [Sakor
et al., 2020]. Furthermore, the results of E-BELA, using
both models, are substantially superior to those presented
in EARL [Dubey et al., 2018].
It is also important to emphasize that unlike the JLEAR ap-

proach [Li et al., 2023], E-BELA does not train or fine-tune
any model. Moreover, it obtains the candidate list directly
from the representations of the KG entities. However, we
hypothesize that the fine-tuning process of the models could
potentially improve the results obtained by E-BELA, and
we intend to evaluate this hypothesis in future work.
Similar to the approach in [Li et al., 2023], we utilized

the disambiguation information provided by DBpedia.
This information allows us validating whether a prediction
made by the model, initially incorrect, is an ambiguous
reference. However, due to the volume of data or the
constant updates in DBpedia, this file cannot resolve all the
ambiguous references present.
For example, our model linked the mention “Us congress”

to the entity “http://dbpedia.org/resource/Us_
congress”, while the correct entity labeled by LC-QuAD

http://dbpedia.org/resource/Us_congress
http://dbpedia.org/resource/Us_congress
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is “http://dbpedia.org/resource/United_States_
Congress”. Upon manual verification, we note that both
URIs refer to the same entity, and the disambiguation file
does not contain information about this ambiguity. This
suggests that the accuracy of our model might be even
higher than reported in Table 3.
Furthermore, it is worth mentioning that due to the nature

of the approach proposed by E-BELA, we search for candi-
date entities directly in DBpedia, unlike the baselines, which
use a list of mention-URI pairs constructed externally. The
baselines rely on external data from the KG.

5.2.2 Experiment 2

Question 2: Do the vector representations of KG lit-
erals and entities retain the semantic contexts of their
corresponding literals?
To investigate this question, we conducted experiments

comparing the accuracy of E-BELA on the EL task in dif-
ferent scenarios. Since we obtain vector representations of
entities from their literals and store both entity and literal rep-
resentations, we can evaluate the performance of E-BELA
using vector representations in exclusive or integrated way.
It is worth noting that each literal is associated with its

own entity within our system. This implies that multiple
instances of one literal and its representation can be stored
in our database, each one associated with a different entity.
This aspect is crucial as we need to accurately identify the
specific entity associated with each literal.
To avoid ambiguity errors, we obtained the following

results by utilizing the information from the disambiguation
file, which provides mappings between different URI’s that
refer to the same entity.
The analyzed scenarios include:

1. Using only literal vectors: EL is performed solely based
on the vector representations of the associated literals.

2. Using only entity vectors: EL is performed exclusively
using the vector representations of the entities them-
selves.

3. Using both literal and entity vectors: is performed by
combining the vector representations of both literals and
entities.

This experiment aims to clarify how representative
the aggregation approach used by E-BELA is compared
with isolated literal representations and using both literal
and entity representations.
Importantly, since each literal representation is inherently

linked to its corresponding KG entity, we can effectively
leverage these representations to generate candidate entities
for a given mention. This allows us directly retrieval
potential entity matches from the space of literal vectors.
Table 4 presents the results of these experiments. Focus-

ing on the LC-QuAD dataset, a notable observation is that
entity vectors, when used in isolation, demonstrate a high
degree of semantic context preservation derived from their
corresponding literals. This is evidenced by its competitive
accuracy despite the lower performance compared to the
combined approach. The highest accuracy was achieved
when utilizing both literal and entity vectors, indicating

Table 4. Accuracy of E-BELA on the EL task using different vector
representation scenarios

Approach QALD-7 LC-QuAD
E-BELA (USE) (literals only) 0.666 0.742
E-BELA (USE) (entities only) 0.696 0.711
E-BELA (USE) (both) 0.666 0.745
E-BELA (SBERT) (literals only) 0.717 0.836
E-BELA (SBERT) (entities only) 0.717 0.829
E-BELA (SBERT) (both) 0.717 0.840

that the combined representation effectively leverages the
semantic information captured by both sources.
When using the USE model, E-BELA combining both

vector representations improves accuracy by at least 4.55%
compared to using only literal or entity vector repre-
sentations. Using the SBERT model, the improvement
was approximately 1.31%. However, when considering
the sample’s margin of error, this difference suggests a
statistical tie between the approaches.
In contrast, for the QALD-7 dataset, using only entity

vectors or in combination with literal vectors yielded com-
parable results. We speculate that this limited performance
variation might be attributed to the significantly smaller size
of the QALD-7 test set, which may not provide sufficient
data to reliably differentiate between the performance of the
different vector representation strategies.
These results strongly suggest that both literal and

entity vector representations are capable of retaining the
semantic context of the literals. Moreover, the combination
of both representations significantly enhances the overall
performance of the E-BELA system.

5.2.3 Experiment 3

Question 3: Does the number of predicates and, con-
sequently, literals associated with KG entities impacts
EL accuracy?
To investigate this question, we collected quantitative

data related to the total number of literals associated with
KG entities. We focused our analysis on the LC-QuAD
dataset, utilizing SBERT as the encoder. We conducted
the analysis from three perspectives: First, we considered
descriptive metrics (see Table 5). Second, we examine the
E-BELA performance based on the number of literals per
entity (see Table 6). Finally, we analyzed the relationship
between the number of literals in correct and predicted
entities within the set of incorrect predictions (see Figure 4).
Table 5 summarizes descriptive statistical metrics of the

literals of the entities in the KG, present in the LC-QuAD set.
The metrics include the total number of entities, the average,
and standard deviation about the number of literals per entity.
The data in Table 5 reveals that the distribution of the lit-

erals associated with the entities exhibits limited variation,
fluctuating between 4.50 and 4.78 literals per entity. We ob-
served that the standard deviation of the number of literals of
our sample was slightly higher than the ones from the entities
related with the incorrect predictions. This suggests that the
number of literals associated with an entity might have some
influence on the accuracy of the EL process.
Table 6 presents the E-BELA’s EL performance based on

the number of literals associated with the entities. Each row

http://dbpedia.org/resource/United_States_Congress
http://dbpedia.org/resource/United_States_Congress
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Table 5. Descriptive Statistics of Literals per Entity in the KG.

Data
subset

# of
entities

Mean
of literals
per entity

Std Dev
of literals
per entity

Population 3899 4.691 3.348
Sample 358 4.782 2.464
Errors 59 4.500 2.760

Table 6. Analysis of EL Performance Based on the Number of Lit-
erals per Entity

# of
literals

# of
entities Accuracy

1 3 0.666
2 59 0.813
3 107 0.850
4 30 0.700
5 24 0.791
6 25 0.840
7+ 122 0.893

contains the number of literals under analysis in the first col-
umn; the number of entities containing exactly that quantity
in the second column; and the percentage of correct predic-
tions per number of literals in the third column. The last row
of the table considers entities with seven or more literals.
Our analysis of Table 6 did not reveal a strong and consis-

tent correlation between the number of literals per entity and
the accuracy of E-BELA.We observed that entities with three
literals have a slightly higher percentage of correct predic-
tions than those with only two literals. However, this value
decreases for entities containing four or five literals. The
accuracy rate increases again for entities with six or more
literals, but the numbers remain statistically insignificant.
Figure 4 shows a matrix, analogous to a confusion matrix,

which instead of displaying classes, shows the real and pre-
dicted quantities of literals per entity in the set of incorrect
predictions made during the experiments. Based on the data
showed in this matrix, we observed a significantly higher
number of incorrectly predicted entities in the upper left
corner, corresponding to those with fewer available literals.
However, the number of entities with a smaller number of
associated literals (2 and 3 literals) is significantly larger,
and the number of errors is proportional.
After analyzing the data from Tables 5 and 6, as well as

Figure 4, we noticed that although entities with seven or
more literals exhibit a slightly higher accuracy, we cannot
definitively assert that the number of literals significantly
impacts the effectiveness of E-BELA.

5.2.4 Failure Cases

In this subsection, we present a detailed analysis of the fail-
ure cases observed during the evaluation on the LC-QuAD
dataset. Specifically, we employed the SentenceTrans-

Table 7. Error analysis results of evaluation errors.
Failure cases # number of errors
Disambiguation 21
Insufficient Context 7
Same entity 13
Lack or Incorrectly Written Mention 12
Annotation Error 6

Figure 4. This figure illustrates a matrix showing the relationship between
the number of literals in the correct and predicted entities in the set of incor-
rect predictions.

former as the encoder in this specific scenario, where we
observed a total of 59 errors as detailed in Table 5. After
analyzing the failures, we categorized them and enumerated
the causes in Table 7, which shows the number of errors per
category. Our failure cases are:

• Disambiguation: Occurs when E-BELA cannot identify
the correct entity among the candidates, either due to
the presence of multiple similar entities or because our
method generates a representation distant from the cor-
rect entity. For example, in the question ”What organi-
zations were founded in Texas and Dallas?”, the model
picked ”Episcopal Diocese of Texas” (slightly closer)
instead of ”Texas” due to the second reason.

• Insufficient Context: This type of failure occurs when
the mention and its context lack enough information to
enable E-BELA to retrieve relevant candidates entities
or to disambiguate the correct entity from others. For
example, the question “Which location country of
Ennejma Ezzahra is also the origin of Boga?” lacks
context to distinguish between a soft drink (Boga) and
a language (also Boga). Even humans might struggle
with this ambiguity.

• Same entity: Despite the presence of a disambigua-
tion file (disambiguations_en.ttl.bz2), DBpedia may
still contain multiple unmapped entries for the same
real-world entity.

• Lack or Incorrectly Written Mention: Related with LC-
QuAD annotations, it occurs when mentions are miss-
ing, annotations are absent, or the format is incorrect.

• Annotation Error: An incorrect link is annotated
between a mention and a entity. Where a mention is
mistakenly assigned to a wrong entity.

Our analysis of failure cases revealed that Disambiguation
failure was the most prevalent issue, accounting for 21 out
of 59 errors. This highlights the significant challenge of
accurately identifying the correct entity among potential can-
didates, particularly in cases with multiple entities exhibiting
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similar names or descriptions. Insufficient Context, while
representing a smaller fraction of errors, poses a complex
problem that requires careful attention. Furthermore, same
entity within the DBpedia also significantly contributed
to errors, emphasizing the fact of there are a lot of same
entities not mapped yet.
Issues related to data quality, such as Empty or Incorrectly

Written Mentions and Annotation Errors, significantly im-
pacted the performance of E-BELA despite being inherent
to the evaluation dataset. These findings emphasize the need
for robust disambiguation strategies, high quality datasets,
and careful attention to potential ambiguities within the
knowledge base to enhance the accuracy of the EL task.

6 Conclusions and Future Work
In our previous work [Pereira and Ferreira, 2024], we
introduced E-BELA (Enhanced Embedding-Based Entity
Linking Approach), a straightforward and effective approach
for EL. E-BELA obtains embeddings for entities from a KG
by pooling the representations of the literals associated with
each entity. These literals are in natural language, mirroring
the representation of textual mentions. We store both literal
and entity embeddings in a vector database management
system, facilitating efficient search and retrieval operations.
These embeddings aim to put mentions and entities close in
the same vector space, enabling their linkage through some
similarity metric. We conduct the EL process by searching
for a list of candidate entities from the embedding of a
mention, followed by disambiguation. For disambiguation,
E-BELA use the context information from the mention
and candidate entities. Our results demonstrate that this
methodology achieves comparable performance to other
state-of-the-art methods, while employing a much simpler
model, making a significant contribution to the field of NLP.
In this work, we enhance our previous work by evaluating

E-BELA on a new dataset (QALD-7) and conducting a
comprehensive analysis of failure cases and limitations.
Since we did not find publicly available annotations for
QALD-7, we annotated the dataset ourselves and made these
annotations available along with our code. Furthermore,
we evaluated E-BELA on this new dataset and compared
its performance against relevant baselines. This evaluation
reinforced the value of E-BELA. The analysis of failure
cases highlighted the significant challenge of accurately
identifying the correct entity among potential candidates.
A limitation of our approach is its inability to handle

mentions of entities that do not have a corresponding entry
in the KG. Since E-BELA operates within a vector space and
does not explicitly incorporate a threshold for entity linking,
it may still return a candidate entity even if no true match ex-
ists in the KG for a given mention. This can lead to incorrect
linkages and impact the overall performance of E-BELA.
In future work, we intend to perform Relation Linking

in an integrated manner by leveraging the embeddings
of the entities and relations of the KG. Furthermore, we
intend to exploit the inherent connections between entities
and their relations to generate candidate relation lists for
relation mentions that occur in close contextual proximity

to the corresponding entity mentions. Additionally, we
also plan to evaluate the E-BELA’s EL performance after
fine-tuning the all-mpnet-base-v2 model with mention and
entity contexts. Furthermore, we intend to apply E-BELA
to other problems that involve EL in their pipelines. Finally,
we aim to enhance the evaluation process by using a sample
with a balanced quantity of literal data.
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