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ABSTRACT

The Entity Linking (EL) task is concerned with linking entity men-
tions in a text collection with their corresponding knowledge-base
entries. Despite the progress made in the evaluation of EL sys-
tems, there is still much work to be done, where this Ph.D. research
tackles issues concerning EL evaluation. Among these issues, we
stress (a) the lack of consensus about the definition of “entity” and
the lack of evaluation metrics that allow for different notions of
entities, (b) the lack of datasets that allow for cross-language com-
parison, and (c) the focus on evaluating high-level systems rather
than low-level techniques. By addressing these challenges and bet-
ter understanding the performance of EL systems, our hypothesis is
that we can create a more general, more configurable EL framework
that can be better adapted to the needs of a particular application.
In the early stages of this PhD work, we have identified these prob-
lems and begun to address (a) and (b), publishing initial results that
constitute a significant step forward in our investigation. However,
there are still further challenges that must be addressed before we
reach our goal. Our next steps thus involve proposing a more fluid
definition of “entity” adaptable to different applications, the defini-
tion of quality measures that allow for comparing EL approaches
targeting different types of entities, as well as the creation of a cus-
tomizable EL framework that allows for composing and evaluating
individual techniques as appropriate to a particular task.
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1 PROBLEM

Entity Linking (EL) is a task in Information Extraction (IE) that fo-
cuses on linking the entity mentions in a text collection with entity
identifiers in a given Knowledge Base (KB). Such a task has various
applications, including semantic search, document classification,
semantic annotation, and text enrichment, as well as forming the
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A [second]t , larger and more [theatrical]t [Cirque]t [show]t ,
[{Michael Jackson}btdf : One]bt , designed for [residency]t at
the [Mandalay Bay]btdf [resort]d in [Las {Vegas}b ]td .

Figure 1: Output annotations of Babelfy (b), TagME (t), DB-

pedia Spotlight (d) and FRED (f) over the same input

basis for further IE processes. Despite the fact that works address-
ing the EL tasks have been pursued by various communities and
published in various international conferences, some fundamental
questions remain open regarding the aim of the task and how EL
results should be evaluated.

First and foremost, despite the presence of various gold standard
datasets, evaluation frameworks, etc., it is still unclear what EL
systems should link. There is evidence of disagreement in the EL
community on this matter, and as a consequence, different systems
target different types of entities. This phenomenon is illustrated
in Figure 1, which contains the results for a short example text of
four state-of-the-art systems that are popular in the community:
Babelfy [23], DBpedia Spotlight [18], TagMe [7] and FRED [9]. As
we can observe in Figure 1, there are signs of fundamental dis-
agreements among the involved systems. While FRED and Babelfy
consider only proper names, TagME and DBpedia Spotlight also
include other nouns for which a corresponding KB entity exists and
which do not constitute names. Furthermore, overlapping mentions
(denoted by “{}”) are targeted by Babelfy and TagME, but not by
DBpedia Spotlight nor FRED. So which system is more correct?

This lack of consensus affects further processing of EL systems’
outputs since different application scenarios have different require-
ments on what mentions should be involved. Furthermore, this
problem also complicates EL assessment because we do not know
howwe can define the ideal result that such a system should achieve.
Some efforts have been made to standardize which mentions we
should identify for annotation, as is the case of the work by Jha
et al. [15], who propose a set of rules to serve as guidelines for
benchmark creation. However, these rules force the adoption of
some considerations that may not suit certain applications and on
which there is thus no consensus. For instance, Jha et al., advocate
for the omission of overlapping mentions like “{Michael Jackson}”,
but authors such as Ling et al. [17] disagree. In a semantic search
scenario, for example, looking at Figure 1, should such a document
be considered relevant for a user interested in texts about Michael
Jackson, or more generally, texts about American pop singers?

Several EL benchmark datasets have been proposed that – al-
though used by a variety of systems – also exhibit this disagree-
ment. While KORE50 [12] only annotates proper names, the DBpe-
dia Spotlight dataset [18] includes annotations of common nouns
such as software and owner. Additionally, the DBpedia Spotlight
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dataset includes overlaps, for example, “Google car” is linked with
dbr:Google_self-driving_car1, while ‘car’ is linked to dbr:Car.

The solution thus far to address the lack of a consensus has been
to define a new consensus, but we propose that a different approach
is needed: that no one size fits all in terms of EL. This should not
only be reflected in EL systems, but also in EL datasets and metrics
used to evaluate EL systems with respect to such datasets. This
presents a major challenge tackled in the context of this PhD work.

Such disagreement on what EL systems should link is not the
only issue we have encountered in terms of evaluating the EL task.
Another major issue is that despite some recent developments for
other languages, most work has focused on English texts, both in
terms of EL systems and EL datasets. Focusing on a multilingual
context, some authors have proposed approaches with a large list of
languages. For instance, this is the case of MAG [24], a multilingual
EL system that supports annotations over 40 languages. However,
the presence of such systems raises new challenges for evaluating
the EL task. Such questions now include: How well do EL systems
perform outside of English as a primary language? Do multilingual
approaches behave equally for all of their supported languages?
If not, why not? Are multilingual EL approaches really necessary
with recent improvements in machine translation? These questions
are not deeply studied yet in the literature. Indeed, only a few of the
current EL datasets are multilingual, which complicate any kind of
multilingual experimentation.

Generalizing these issues, different applications for EL may bring
with them different requirements, which may be best addressed
using different techniques. Aside from the issue of the types of
entities and the languages targeted, there are also issues regarding
for example the length of the text(s), the noise present, the domain
of a text, the need to perform EL on semi-structured inputs (e.g.,
HTML), etc. Different EL systems proposed in the literature have
been proposed to solve individual tasks. But individual systems may
package together a specific set of techniques, where evaluation is
conducted at the level of systems (or ensembles of systems) without
understanding which techniques work best in which scenarios. Our
ultimate goal, then, is to develop a EL framework that allows for
composing and evaluating individual EL techniques, allowing to
find the configuration best suited to a particular setting.

2 BACKGROUND

Entity Linking is a task in Information Extraction that focuses on
linking the entitymentions in a text collectionwith entity identifiers
in a given knowledge base. Formally, let E be a set of entities in
a KB and M the set of entity mentions in a given text collection.
The EL process focuses on linking each entity mentionm ∈ M in a
text collection with an entity identifier e ∈ E in a given Knowledge
Base (KB). Generally speaking, EL models are commonly separated
into two main phases, detailed below:

Entity Recognition (ER) This phase spots which phrases of
the input text should be taken as mentions. This problem is
also addressed by the Named Entity Recognition (NER) task,
where a variety of techniques have been employed to this
goal. On the other hand, some works regard ER itself as an
independent task, out of the scope of EL [26].

1Throughout, we use well-known prefixes according to http://prefix.cc

Entity Disambiguation (ED) This phase decides which KB
entities should be associated with the identified mentions.
This phase is commonly divided into the following steps:
Candidate entity generation: For each entity mentionm ∈

M this stage selects Em : a candidate set Em ⊆ E that rep-
resents entities with a high probability of corresponding
tom is selected. Often this selection is based on matching
m with entity labels for E in the knowledge base.
Candidate entity ranking: Each entity em ∈ Em is ranked
according to an estimated confidence that it is the referent
of the textual mentionm. This can be performed consider-
ing a variety of features, such as the perceived “popularity”
of em , its relation to candidates for nearby mentions, and
so forth. The candidate in Em with the best ranking may
be selected as the link form, possibly assuming it meets a
certain threshold confidence (or other criteria).
Unlinkable mention prediction: Some tools consider un-
linkable mentions, where no entity in the knowledge base
meets the required confidence for a match to a given entity
mentionm. Depending on the application scenario, these
mentions may be simply ignored, or may be proposed as
“emerging entities” – annotated as NIL – that could be
added to the knowledge base in the future.

In some more recent EL systems, the division between the EL and
ED phases is less clear. Some systems apply an End-to-End approach,
while other systems apply ER and EL jointly in the same model in
the goal of optimizing for both tasks in one process [25, 37]. Other
systems assume that entity mentions have already been identified
by an existing ER approach and specifically address ED [26].

Several EL approaches have been proposed in the literature.
Some of them take annotations, KB entities and their relationship
as a graph and perform heuristic to find the proper matching. For
instance, Babelfy [23] and AIDA [14] search the densest sub-graph
applying a Random Walk with Restart and a greedy algorithm re-
spectively. Other approaches as TagME [7] , THD [4], DBpedia
Spotlight [18] and FREME [33] are based on similarity functions
between mentions and the KB content. For instance, TagME ranks
the candidate entities by two functions: commonness and related-
ness, the first count how frequently an anchor text is linked to a
particular Wikipedia entity and the second, returns how often can-
didate entities for different mentions are annotated from the same
Wikipedia page. On the other hand, WIKIME [34] uses multilingual
embedding which is trained for words and Wikipedia titles.

3 PROPOSED APPROACH/RESULTS

The present Ph.D. work proposes to address a variety of open
questions regarding the evaluation of EL systems. In this direction,
the following research questions are being or will be addressed:

(1) What should Entity Linking link?
(a) How can we define the goal of the EL task?
(b) Is consensus possible on the definition of an “entity”?
(c) If not, how can we define benchmark EL datasets and what

metrics can we use to reflect the lack of consensus?
(2) How well do EL systems perform in multilingual settings?
(a) How can we compare EL performance across langauges?
(b) How do EL systems perform for different languages?
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(c) Why do results differ across languages?
(d) Are multilingual EL approaches necessary with recent

improvement in machine translation?
(3) How can we adapt and configure EL techniques for different

applications?
(a) What are the specific applications for EL?
(b) What are the different settings that can be considered?
(c) Which techniques work best under what assumptions?
(d) How can existing EL techniques be best configured to

meet the needs of a particular application setting?
We now discuss these three high-level research questions in

more detail, describing the issues faced, as well as the ongoing
work and plans for future work to address them.

3.1 Lack of consensus

The concept of “named entity” was first coined by the 6th Mes-
sage Understanding Conference [10] (MUC-6) where entities are
assigned to one of the classes Person, Location, Organization and
other numeric/temporal expressions. Hence the definition of an
entity follows from these classes: any instance of such a class is
considered an entity, and per the consensus of MUC-6, the goal of
NER is to identify mentions of entities of one of these classes.

With the advent of large-scale, diverse KBs, interest grew in the
EL task, which not only identifies (and types) entities in a text, but
also links them to the KB. Many ER models and ER benchmark
datasets built upon the extensive work in the NER community,
proposing to recognize the same entities from the same classes but
additionally link them to the KB. This perspective is inherited by
many EL systems which continue to identify mentions with NER
tools. However, the KBs to which EL systems link often contain
classes not considered in the MUC-6 consensus.

Hence EL systems began to develop custom ER techniques that
target a broader range of entity types. For instance, in Figure 1,
“Michael Jackson” would belong to the MUC-6 class Person, whereas
“Michael Jackson: One” – though present as an entity in KBs such as
DBpedia and Wikipedia – would be excluded by MUC-6, referring
to a theatrical production. Along these lines, some authors chose to
extend the initial MUC-6 classes, including also Products, Financial
Entities [21], Films, Scientists [6], etc. On the other hand, other
authors propose to separate current classes to more specific ones,
for instance, deriving City, State, Country from the class Location [8].
Generally speaking, however, class-based definitions of entities are
inflexible as they cannot hope to adapt to the variety of types
present in large KBs. For instance, Wikidata alone has entities from
50,000 unique classes. Therefore, other authors advocate for more
general definitions, but these often lack formality [5, 35]. One option
is to use aMiscellaneous class of entities, but this leaves the question
of what sorts of entities this class should cover. Other authors have
tried to provide a more general definition of entity, such as the
definition “substrings corresponding to world entities” used by Ling
et al. [17]; however, such a definition is cyclical, due to using the
word “entity” in the definition of an “entity”.

Proposal: Instead of addressing the abstract question “what is an
‘entity’?”, our position is to rather address the more practical ques-
tion “what should Entity Linking link?”. Posed this way, the question
suggests a practical response: “it depends on the application!” [32].

Table 1: Survey of popular EL datasets; for multilingual

datasets, the quantities shown refer to the English data avail-

able. We present metadata about the relaxed and strict ver-

sion of our dataset by VoxELR and VoxELS respectively.

Dataset Languages

AIDA/CoNLL-Complete [11] EN
KORE50 [13] EN
IITB [16] EN
ACE2004 [27] EN
AQUAINT [27] EN
MSNBC [3] EN
DBpedia Spotlight [19] EN
N3-RSS 500 [28] EN
Reuters 128 [28] EN
Wes2015 [36] EN

News-100 [28] DE
Thibaudet [1] FR
Bergson [1] FR

SemEval 2015 Task 13 [22] EN,ES,IT
DBpedia Abstracts [2] DE,EN,ES,FR,IT,JA,NL
MEANTIME [20] EN,ES,IT,NL
VoxELR DE,EN,ES,FR,IT
VoxELS DE,EN,ES,FR,IT

For example, in a semantic search scenario, where the goal is to
find documents mentioning particular entities or particular types
of entities, finding all repeated mentions of an entity may not be
so key a requirement for EL: finding any mention in the document
might suffice. On the other hand, for relation extraction, each men-
tion might refer to a potential relation in the text, and hence the
requirements for EL change. With this in mind, our goals are to
first understand on which types of entities there is consensus in the
community, and on which not. Then we wish to better understand
what are the applications for EL, and how the choice of applica-
tion affects the requirements of the EL system. Finally we aim to
develop EL benchmarks and metrics that – rather than assuming
a one-size-fits-all definition of an entity – reflect our findings in
terms of varying consensus, applications and requirements.

3.2 Multilingual EL

Thus far, the bulk of effort in EL research has been devoted to Eng-
lish texts. However, more recently, a number of multilingual EL
systems – supporting multiple languages – have been proposed.
Such systems raise new questions for evaluating EL: How well
would state-of-the-art approaches perform over non-English cor-
pora? How would performance vary across languages (and why)?
Given that EL often targets named entities, how important is it for
EL systems to be configurable for different languages (e.g., Michael
Jackson’s name does not change with language, only with alpha-
bet)? Given recent improvements in machine translation, how do
multilingual EL systems perform versus translating input text?

One challenge faced for responding to these questions is the
short list of multilingual datasets available that could be used to



Table 2: Overall EL evaluation (F1) of selected approaches for
the SemEval 2015 Task 13 in Spanish (ES) and English (EN).

Approaches configured for Spanish are italicized.

System ES EN

Babelfy 0.439 0.602
DBpedia-Spotlight 0.337 0.414
WikiMe 0.043 0.043

TAGME 0.133 0.395
THD 0.069 0.110
AIDA 0.010 0.046

evaluate EL performance for various languages. In Table 1 we sur-
vey a variety of EL datasets available in the literature, where we can
observe in Table 1 that the majority only consider English text; oth-
ers that consider non-English texts only offer one language. While
a number of multilingual datasets have now been made available,
they further present some issues for comparing EL systems across
languages, as we will discuss later.

Initial Results: Taking an existing multilingual dataset – SemEval
2015 Task 13 – in [31], we perform initial experiments to compare
the performance of popular EL systems for English and Spanish
texts, testing Babelfy, DBpedia-Spotlight, WikiMe, TagME, THD
and AIDA. Only the first three of these systems can be explicitly
configured for Spanish texts. Table 2 offers an overview of the main
results. As can be observed, systems generally perform consider-
ably better for English than Spanish, particularly (but not limited
to) EL systems not configurable for Spanish. We consider this re-
sult as being potentially due to three main factors (a) KBs (e.g.,
Wikipedia) contains different information for both languages with
potentially more information available in English, (b) the mod-
els/techniques change according to the target language where, for
example, DBpedia-Spotlight’s ER uses different models according to
the targeted language, and (c) the presence of variations in the lan-
guages themselves, where, for example, recognizing “Star Wars” is
less challenging than the Spanish version “La guerra de las galaxias”
due to capitalization rules in Spanish and the phrase length.

Further Results: One of the obstacles to ongoing research on mul-
tilingual EL is the low availability of datasets with the same text
in different languages. According to our survey in Table 2, there
are only three multilingual datasets available (the VoxEL datasets
are proposed by us). As we detected in the initial work described
previously, each of the three datasets has its own limitations. Se-
mEval 2015 Task 13 is composed of four documents on biomedical,
math, computer and social topics; DBpedia Abstracts2 is a large
corpus build automatically from the abstracts (first paragraph) the
Wikipedia pages, containing in total 39132 documents; and MEAN-
TIME contains annotations of 120 news articles from WikiNews3
with annotations of entities, events, temporal information and se-
mantic roles. However, DBpedia Abstracts is not a parallel corpus:
the text differs across languages, making it unsuitable for comparing
performance across languages. On the other hand, while SemEval
2http://wiki-link.nlp2rdf.org/abstracts/; January 1st, 2018
3https://en.wikinews.org/; January 1st, 2018

2015 Task 13 and MEANTIME aim to be parallel corpora, they have
different annotations in different languages. Hence these datasets
are not ideal for comparing the performance of EL systems across
different languages (though they can be used for comparing EL
systems across individual languages). Furthermore, these datasets
adopt a particular notion of entity, which as argued previously, may
not be that agreed upon by the community.

In order to better compare EL performance across multiple lan-
guages, we proposed a new multilingual corpus called VoxEL [30]
with the aim of ensuring the same annotations across different
languages, as well as reflecting in the dataset the lack of consensus
on what is an entity. VoxEL is based on 15 news articles from the
European newsletter VoxEurop4, which is translated by profession-
als to different European languages. We first aligned the sentences
and entities across languages, resolving cases where some entities
and sentences were omitted/changed in the translations. To ad-
dress the lack of consensus about what is an entity, we include two
versions of the same dataset: one strict version that includes only
those entities that all systems appear to agree should be linked (i.e.,
Person, Location and Organization), and another relaxed version
that includes also all mentions (including overlapping mentions)
with a Wikipedia page related to them (e.g., ‘software’, ‘resort’, etc.).
Our results again show that – aside from Babelfy – EL systems
generally perform much better over English texts. We also compare
in [29] the idea of using machine translation in EL environments
to translate the input text rather than configuring the EL system
for the native text. The results show that the majority of systems
– namely DBpedia Spotlight, FREME and TagMe – perform better
when the input text is either in English, or translated to English.

3.3 Configurable EL Framework

Our general hypothesis in this Ph.D. work is that when it comes
to EL systems, one size does not fit all: different scenarios and
different applications may have different requirements for an EL
system, including, but not limited to, the types of entities targeted,
the languages supported, etc. Drawing the Ph.D. work together, our
goal is to be able to perform finer-grained evaluation of EL systems
under different requirements and different assumptions. Going one
step further, rather than evaluating EL systems, we wish to be able
to evaluate the effects of different ER and ED techniques. A given EL
system already configures a number of techniques into one solution,
where the results of a system then confound the performance of
these techniques. While some EL papers present results for ER and
ED tasks separately, we propose to go one step further.

Proposal: We propose to create a modular EL framework that im-
plements a selection of the most important EL techniques found in
the literature. Such a framework should allow for creating custom
EL pipelines that allow for evaluating and composing techniques
according to the requirements of a particular application. The chal-
lenges posed by this proposal are various and include not only the
engineering challenge of developing such a modular framework but
also some non-trivial research questions. First we must address the
question of how the requirements of a particular application can be
represented. Second we must consider what datasets and metrics

4http://www.voxeurop.eu/; January 1st, 2018
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can be used to evaluate individual EL techniques (and their com-
position) per these requirements. Though ambitious, if successful,
this stage of the Ph.D. work could lead to a better understanding of
how EL techniques perform under different assumptions and fur-
ther offer the practical contribution of a generalized EL framework
adaptable to a broader variety of applications and settings.

4 METHODOLOGY

Our next steps are aimed at understanding the consensus in the
community regarding what is an “entity” in the context of EL, and
defining evaluation protocols (datasets and metrics) accordingly.
Further into the future, we aim to start work on the configurable EL
framework. More specifically, the steps currently in progress are:
(1) Review the state-of-the-art in measures used for EL evaluation.
(2) Issue a questionnaire to the EL community to understand the
current consensus on the goal of EL systems. (3) Propose a cat-
egorization of entities that allows for the inclusion/exclusion of
entities per the application requirements. (4) Propose finer-grained
evaluation protocols for EL according to previous findings. Later
we further wish to being to: (5) Implement a general EL framework
based on the previous results that allows us to evaluate and com-
bine techniques according to the application scenario, comparing
results against state-of-the-art EL systems in different settings.

5 CONCLUSION

This Ph.D. proposal is motivated by the hypothesis that for EL
systems, one size does not fit all. Our first aim has been to un-
derstand how the goal of EL systems may vary across different
applications and how that affects the consensus of what is an “en-
tity”; this work remains ongoing. Our second aim is to consider
how different EL systems perform for different languages, where
we have published some results and proposed a novel dataset along
these lines. Our third aim is to develop a general EL framework that
allows greater configurability for a given application and setting.
Our overall ambition is to reach a greater understanding of how EL
techniques perform in different settings and arrive at a practical
framework that can be used in a broader variety of applications
that can, potentially, benefit from the results of the EL task.
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