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Abstract

[Purpose] To perform entity linking based on multiple knowledge bases, address-
ing the low coverage problem of entity linking based on a single knowledge base.
[Method] First, n-grams are generated from the text and candidate mentions
are extracted using part-of-speech tags and multiple mention-entity dictionaries;
mention combinations are then generated, retaining only those with maximal
coverage that are not contained by other combinations; next, candidate en-
tity sequences are generated and the relevance of each sequence is computed
using information from multiple knowledge bases; finally, the entity sequence
with maximal relevance is selected as the final result. [Results] Experimental re-
sults using Wikipedia and Freebase as examples demonstrate that entity linking
based on Wikipedia+Freebase achieves precision, recall, and F-score of 71.81%,
76.86%, and 74.25%, respectively. [Limitations]Filtering n-grams based on part-
of-speech lacks theoretical justification, and the FACC1 dataset is characterized
by high precision but low recall. [Conclusion] Leveraging entity information
from multiple knowledge bases can enhance entity linking effectiveness.
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Abstract

Objective: This paper proposes an entity linking method using multiple knowl-
edge bases to address the low coverage problem associated with entity linking
based on a single knowledge base. Methods: First, we generate n-grams from
the input text and obtain candidate mentions using part-of-speech tagging and
multiple mention-entity dictionaries. Next, we generate mention combinations
and retain those with maximum coverage that are not contained by other com-
binations. We then generate candidate entity sequences and compute their rel-
evance using information from multiple knowledge bases. Finally, we select the
entity sequence with the highest relevance as the final result. Results: Using
Wikipedia and Freebase as case studies, the experimental results demonstrate
that entity linking based on Wikipedia+Freebase achieves precision, recall, and
F-value of 71.81%, 76.86%, and 74.25%, respectively. Limitations: Filtering
n-grams based on part-of-speech tagging lacks theoretical justification, and the
FACC1 dataset exhibits characteristics of high precision but low recall. Con-
clusions: Utilizing entity information from multiple knowledge bases improves
entity linking performance.

Keywords: Entity linking; Knowledge base; Wikipedia; Freebase

1. Introduction

An entity is an objectively existing and distinguishable object in the real world,
encompassing both concrete things (e.g., person names, locations, organization
names) and abstract concepts (e.g., concepts, relationships). Entity linking
refers to the process of linking text fragments representing entities in a document,
known as entity mentions (or simply mentions), to corresponding entries in a
specific knowledge base (KB). This process is sometimes called named entity
linking [1].

Entities are ubiquitous across various types of text. When encountering un-
known entities, entity linking technology enriches the original text with seman-
tic information from relevant knowledge base entries, helping readers deepen
their understanding of the entity and enabling both humans and computers to
better comprehend and process the text. Entity linking research has attracted
significant attention due to its importance, with several international evaluation
conferences introducing related tasks, such as the “Link the Wiki” task at INEX
2007, the “Knowledge Base Population” task at TAC 2009, and the “Knowledge
Base Acceleration” task at TREC 2012. Entity linking demonstrates promising
applications in information retrieval [2], knowledge base construction [3], and
question answering systems [4].

The primary challenges in entity linking are polysemy and synonymy. Syn-
onymy occurs when an entity has multiple mentions—its standard name, aliases,
and abbreviations can all refer to the same entity. For example, “Michael
Jordan,” “MJ,” and “Jordan” can all refer to the entity Michael Jeffrey Jor-
dan. Polysemy occurs when a single mention can refer to multiple entities; for
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instance, “MJ” may refer to Michael Jeffrey Jordan or Michael I. Jackson. Re-
solving polysemy requires leveraging entity information from knowledge bases
for disambiguation. Since single knowledge bases contain relatively limited en-
tity information, we hypothesize that utilizing entity information from multiple
knowledge bases could better address the polysemy problem.

Knowledge bases serve as the foundation for entity linking research. Common
knowledge bases include Wikipedia, Freebase [5], YAGO [6], and DBpedia [7].
Wikipedia is the most frequently used knowledge base in entity linking research,
rich in textual semantic information where each entity page describes a specific
entity. Freebase is also commonly used, offering more structured entity infor-
mation compared to Wikipedia. In 2013, Google released the Freebase entity
annotation dataset FACC1 [8], which has been applied in information retrieval
[9]. FACC1 provides entity annotations for ClueWeb09 and ClueWebl2, en-
abling the statistical analysis of entity popularity.

This paper proposes a multi-knowledge-base entity linking method that lever-
ages multiple mention-entity dictionaries for mention recognition and utilizes
entity information from multiple knowledge bases for disambiguation, aiming
to solve the low coverage problem associated with single-knowledge-base entity
linking.

Entity linking comprises two steps: mention recognition and entity disambigua-
tion [10]. Although some studies [11] adopt slightly different divisions, the
essence remains the same. Traditional entity linking has primarily focused on
long documents, but recent researchers [9,12-14] have begun investigating short
text entity linking for microblogs, search queries, etc., with applications already
emerging in information retrieval [9]. The main distinction is that short texts
contain limited contextual information, making entity disambiguation more
challenging. Additionally, short texts often exhibit non-standard writing con-
ventions, such as missing capitalization and punctuation [9] and spelling errors
[14], which further complicate mention recognition. Therefore, we argue that
short text entity linking presents greater challenges and deserves more attention.

2.1 Long Document Entity Linking

The first step in entity linking is mention recognition, which requires construct-
ing a mention-entity dictionary. Most researchers extract page titles from
Wikipedia entity pages, disambiguation pages, and redirect pages as entity men-
tions to build such dictionaries. Alternative approaches exist, such as Sil et
al. [15] extracting standard names and aliases of entities from Freebase. Men-
tions are then identified according to specific rules; for example, Cucerzan [11]
uses capitalization rules and prior statistical information for mention recogni-
tion, selecting the entity sequence that maximizes consistency between entity
context and Wikipedia homepage text as well as among candidate entities. Mi-
halcea et al. [16] utilize linking probability for mention recognition and combine
knowledge engineering methods with naive Bayes classification to determine the
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final entity sequence.

Since a mention may refer to multiple entities, methods are needed to deter-
mine the correct entity, i.e., entity disambiguation. Current approaches include
machine learning [17-18], learning to rank [19-21], graph models [22-25], unsu-
pervised methods [11,26], and ensemble methods [27-28]. Zhang et al. [17] adopt
the method from [11] to construct a mention dictionary for mention recognition.
If the candidate mention set is empty, they supplement it using Wikipedia’s “Did
You Mean”and search engine features. They frame entity disambiguation as a bi-
nary classification problem where mention-entity pairs formed by mentions and
their referred entities are positive examples, while pairs with other candidate en-
tities are negative examples. They use lexical features, word-category features,
and entity types to train an SVM classifier. If multiple candidate entities are
classified as positive, they compute mention-entity similarity using bag-of-words
and entity co-occurrence features, selecting the candidate with highest similar-
ity. Ratinov et al. [20] assume mentions are given and propose two feature types:
local features (cosine similarity between mention context and entity homepage
text, mention document and entity homepage text, mention context and entity
context, etc.) and global features (normalized Google distance, pointwise mu-
tual information for entity category similarity, in-link and out-link similarities),
training a Rank SVM model to select the highest-ranked entity as the mention’
s referent in context. Han et al. [22] also focus solely on entity disambigua-
tion, constructing a mention-entity and entity-entity relationship graph with
mentions and candidate entities as nodes, using a PageRank-like mechanism to
identify entities.

2.2 Short Text Entity Linking

Ferragina et al. [13] were among the first to address short text entity linking.
They construct a mention dictionary using the method from [11], filter it with
manual rules, and identify candidate mentions using this dictionary. They then
employ both machine learning and manual rule-based methods for disambigua-
tion, leveraging features such as prior probability of mentions referring to enti-
ties and relevance among candidate entities. Meij et al. [14] aim to obtain as
many candidate mentions as possible, proposing four feature categories: n-gram
features, concept features, n-gram-concept features, and tweet features, using
machine learning to identify concepts and link them to corresponding Wikipedia
pages. Liu et al. [29] build upon Meij et al.” s work by incorporating mention-
mention features and selecting the entity sequence with the highest similarity
score.

We observe that current entity linking research relies on single knowledge bases.
However, since certain entities exist only in specific knowledge bases, a single
knowledge base may not fully cover all entities in a document. Moreover, sin-
gle knowledge bases provide relatively limited entity information, which affects
disambiguation performance. To address these issues, this paper proposes a
multi-knowledge-base entity linking method that effectively leverages entity in-
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formation from multiple knowledge bases and simultaneously performs entity
linking across them.

3. Methodology
3.1 Problem Definition

Entity linking involves identifying mentions in a given text, determining the
entities they refer to through disambiguation, and linking them to corresponding
entries in specific knowledge bases.

The formal definition is as follows: Input is a text consisting of n words M =
(Wy, Wq, -+, w ). Output is a mention combination and its corresponding entity
sequence E = (eq, ey, -+, e ), where e represents an entry in a specific knowledge
base. If M| = 1, then the output is the set of possible entities that the mention
may correspond to, denoted as Set e, ey, =1, € .

3.2 Entity Linking Method

[Figure 1: see original paper] illustrates the steps of multi-knowledge-base en-
tity linking, which consists of offline and online phases. The offline phase builds
mention-entity dictionaries and entity mapping dictionaries. The online phase
comprises the main steps of the entity linking method, including n-gram genera-
tion, candidate mention identification, mention combination generation, entity
sequence generation, and entity relevance calculation.

(1) Dictionary Construction

For mention recognition, we collect standard names, aliases, and other informa-
tion from knowledge bases as entity mentions, preprocess them, and construct
mention-entity dictionaries. Each dictionary contains two fields: a mention field
and an entity field, stored in the format “m — e;(e_ {count},) e5(e_{count},)
-” _ where m represents an entity mention and e (e_{count} ) indicates that
mention m may refer to entity e with occurrence count e_{count} , which is
used to calculate the prior probability of candidate entities.

To leverage multi-knowledge-base information simultaneously, we construct en-
tity mapping dictionaries following specific methods. The mapping dictionary
contains n fields, stored in the format “e; — ey — --~— e”, where e represents
an entity from knowledge base i, and e, e,, -, € correspond to the same entity
across different knowledge bases.

(2) Method Steps

N-gram Generation: Generate n-grams from the input short text. For
example, the short text “obama family tree” yields six n-grams: {obama, family,
tree, obama family, family tree, obama family tree}.

Candidate Mention Identification: For each generated n-gram, search
directly across the mention fields of multiple mention-entity dictionaries. If
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a record exists in any dictionary, the n-gram is considered a potential entity
mention. N-grams containing no nouns are filtered out, as entities typically
appear as nouns. For instance, “obama” exists in the mention field with noun
part-of-speech, so it qualifies as an entity mention, as do “family,” “tree,” “obama
family,” and “family tree.” However, “obama family tree” is filtered out as it
lacks a corresponding record. Thus, “obama family tree” retains five potential
entity mentions: {obama, family, tree, obama family, family tree}.

”» «

Mention Combination Generation: Candidate mentions from the previ-
ous stage may overlap. Some researchers [30] address this using a left-to-right
longest matching strategy, but we argue this may cause recognition errors. Our
approach generates candidate mention combinations through three steps: 1)
Select combinations of non-overlapping candidate mentions; 2) Retain combi-
nations with maximum coverage; 3) Retain combinations where at least one
mention is not contained by other combinations. Here, “containment” means
one mention is either part of another or identical to it. For example, “obama
family tree” retains two mention combinations: {obama + family tree} and
{obama family + tree}.

Entity Sequence Generation and Relevance Calculation: If n mention
combinations are retained in the previous stage, with the i-th combination con-
taining n mentions, we merge candidate entity records from all knowledge bases
for each mention and select the top k entities with highest prior probability as
candidates, generating ;" k™ entity sequences. We assume co-occurring enti-
ties are relevant, so we compute relevance scores for each entity sequence and
return the highest-scoring sequence as the final result, as shown in formula (1):

l

arg max 2 a-h(d,m;,e;)+B- f(b,e;e;)

where Set represents all possible entity sequences; h(a, m , e ) denotes the rel-
evance function between mention m and its candidate entity e with weight
vector a; f(b, e, e ) denotes the relevance function between entities with weight
vector b; a and 8 balance the two relevance functions with e, 5 (0,1) and o +

g =1
4. Implementation Details

Since Wikipedia and Freebase are widely used and representative in entity
linking research, we conduct experiments based on Wikipedia, Freebase, and
Wikipedia+Freebase separately.

4.1 Wikipedia-Based Entity Linking

(1) Mention-Entity Dictionary Construction: Following Bunescu et
al. [31], we extract page titles from Wikipedia entity pages, disambiguation
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pages, and redirect pages, as well as anchor texts from entity homepages. After
preprocessing (lowercasing, etc.), we construct the mention-entity dictionary
and use anchor text statistics to record mention-to-entity occurrence counts.

The prior probability of candidate entities is crucial disambiguation information
used in many studies [23,29,31]. We calculate it using formula (2):

count(m,e;)

23:1 count(m, e;)

Prior(e;|m) =

where count(m, e ) represents the number of times mention m links to entity e
in Wikipedia homepage texts.

String Similarity: Higher similarity between a mention and a candidate en-
tity’ s standard name indicates greater probability that the mention refers to
that entity. Edit Distance measures string similarity as the minimum num-
ber of editing operations required to transform one string into another; smaller
distance indicates higher similarity. We compute similarity using formula (3):

ED(m,, CN(e,))

h(m;, CN(e;)) =1 = max{length(m, ), length(CN(e;))}

where CN(e ) denotes entity e ’s standard name (the Wikipedia entity page title),
ED(m , CN(e )) is the edit distance, and max{length(m ), length(CN(e ))} is the
length of the longer string.

Entity-Entity Features:

1) Textual Relatedness: Related entities likely share similar description texts.
We preprocess Wikipedia entity homepage texts by lowercasing, removing spe-
cial characters, and eliminating stopwords, then compute textual relatedness
using formula (4):

Zkl ik’ wk

ftext ’L’
K ISR S

where w represents the weight of the k-th word in entity e’ s document (using
term frequency as weight). For entity sequences with more than two entities,
we use the arithmetic mean of pairwise textual relatedness values.

2) Related Entity Overlap: Related entities often share common related
entities. Wikipedia entity pages contain links to other entity pages, which we
use to collect related entity sets. Wikipedia entities have three related entity
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types: in-link related entities (e appears in e’ s page but not vice versa), out-
link related entities (e appears in e’ s page but not vice versa), and mutual-
link related entities (bidirectional links). We use Jaccard coefficient to measure
related entity overlap, as shown in formula (5):

Set! .. N Set?
10 (€5, €) = Lovont (5|
|Setout U Setout|
where Set  and Set  represent out-link related entity sets. Similar formu-
las apply for in-link and mutual-link relatedness, with the final related entity
relatedness being a weighted average of the three types.

3) Category Relatedness: Related entities often share categories. Wikipedia
editors assign categories to entities, which we extract from homepage informa-
tion. We again use Jaccard coefficient for category relatedness:

|cSet,; N cSet|
feat(eir€5) = W

where cSet and cSet are category sets for entities e and e .

4.2 Freebase-Based Entity Linking

(1) Mention-Entity Dictionary Construction: We extract standard names
and aliases from Freebase to build the mention-entity dictionary. Freebase’ s
highly structured entity information includes dedicated fields for entity proper-
ties, allowing direct extraction from name and alias fields. We apply the same
lowercasing and special character removal, and use the ClueWeb09 Freebase
annotation dataset FACC1 [8] to compute mention-to-entity occurrence counts.
For example:

baldwin_ vi — /m/0129jf(3) /m/01_dt9(6)

where baldwin_{vi} is the mention, /m/0129jf and /m/01 {dt9} are possible
entities (represented by Freebase IDs), with occurrence counts 3 and 6, respec-
tively. Prior probability is calculated using formula (2).

(2) Freebase Entity Features:

Mention-Entity Features: We use the same prior probability and string
similarity features as for Wikipedia entities. Note that Freebase entity standard
names are extracted from the name field.

Entity-Entity Features:
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1) Textual Relatedness: Freebase entity textual relatedness uses text from
the Description field, with the same preprocessing and calculation as Wikipedia
(formula 4).

2) Type Relatedness: Similar to Wikipedia categories, related entities likely
share types. Freebase editors assign hierarchical types to entities (e.g., Barack
Obama has 97 types including /people/person, /government/politician). We
perform simple term frequency statistics on hierarchical type names, using fre-
quency as weight, and compute type relatedness using formula (4).

4.3 Wikipedia+Freebase Entity Linking

Wikipedia+Freebase entity linking uses the mention-entity dictionaries from
Sections 4.1 and 4.2 for candidate mention identification. Since Wikipedia and
Freebase contain complementary entity information, we extract different fea-
tures from each knowledge base. To leverage both, we construct a Wikipedia-
Freebase entity mapping dictionary.

(1) Wikipedia-Freebase Entity Mapping Dictionary: Freebase entity
pages contain an Equivalent Webpage field with links to corresponding enti-
ties in other knowledge bases. We extract equivalent Wikipedia page titles to
establish one-to-one mappings, e.g.:

/m/03kkbz — 873558 — Ivan_Bella

where /m/03kkbz is the Freebase ID, Ivan_ {Bella} is the equivalent Wikipedia
page title, and 873558 is the Wikipedia entity ID.

(2) Wikipedia+Freebase Entity Features: For mention-entity features, we
use the arithmetic mean of Wikipedia and Freebase prior probabilities and string
similarities. For entity-entity features, we fuse Wikipedia’ s textual, related
entity, and category relatedness with Freebase’ s type relatedness using the
mapping dictionary. Definitions follow Sections 4.1 and 4.2.

5. Experiments
5.1 Dataset and Experimental Setup

The experimental input consists of 200 query topics from the TREC Web Track
tasks (2009-2012). We downloaded the December 2, 2013 Wikipedia dump
containing over 4,450,000 entity pages, disambiguation pages, redirect pages,
page link relationships, and category information. Using Java, we processed
raw files, extracted entity mentions, computed prior probabilities, and built
a Lucene index for mention search, extracting over 14,870,000 mentions from
Wikipedia. We also downloaded the July 6, 2014 Freebase RDF file containing
aliases, equivalent pages, descriptions, and other properties for over 42,660,000
entities, extracting over 22,130,000 mentions using the same tools.
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Since Freebase contains mappings to Wikipedia, we extracted these relationships
and built corresponding indexes with Lucene. After removing query topics that
were themselves entity mentions (which cannot be disambiguated from context),
we processed 179 query topics with 242 annotated entities.

5.2 Evaluation Metrics

We evaluate performance using precision, recall, and F-value:

Set» N Set
Precision = w
[Set |
Recall — [Setp N Sety |
[Set; |

2 x Precision x Recall
Precision + Recall

F-value =

where Set_ R is the set of entities identified by our method, Set_ L is the set of
manually annotated entities, and | - | denotes set cardinality. Precision measures
the proportion of correctly identified entities among all identified entities, recall
measures the proportion of correctly identified entities among all annotated
entities, and F-value is the harmonic mean of precision and recall.

5.3 Experimental Results

As shown in Table 1, Wikipedia-based entity linking achieves 62.68% preci-
sion, 71.49% recall, and 66.80% F-value. Freebase-based entity linking achieves
69.32% precision, 75.62% recall, and 72.33% F-value. Wikipedia+Freebase-
based entity linking achieves 71.81% precision, 76.86% recall, and 74.25% F-
value.

Evaluation results of entity linking based on different knowledge bases and com-
bined knowledge bases

Method Precision Recall F-value
Wikipedia 62.68% 71.49% 66.80%
Freebase 69.32% 75.62% 72.33%
Wikipedia+Freebage.81% (414.57%) 76.86% 74.25%
(+3.59%) (+7.51%) (+11.15%)
(+1.64%) (+2.65%)

Note: Best results are bolded. Parentheses show improvement of Wikipedia+Freebase
over Wikipedia or Freebase alone.
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The results demonstrate that Wikipedia+Freebase outperforms individual
knowledge bases, with precision improving by 14.57% and 3.59%, recall by
7.51% and 1.64%, and F-value by 11.15% and 2.65% compared to Wikipedia and
Freebase, respectively, proving the effectiveness of the multi-knowledge-base
approach.

Figures 2 and 3 show recall and precision for 15 query topics across the three
experiments. Some topics perform well with Wikipedia (e.g., “pacific northwest
laboratory,” “arkadelphia health club” ), others with Freebase (e.g., “condos in
florida,”“uss yorktown charleston sc”), while all 15 topics show good performance
with Wikipedia+Freebase.

[Figure 2: see original paper] Recall of 15 query topics in three experiments
[Figure 3: see original paper] Precision of 15 query topics in three experiments

To analyze the reasons for improvement, we conducted four additional experi-
ments (Table 2). Wikipedia-MF uses only the Wikipedia mention-entity dictio-
nary for mention recognition but both Wikipedia and Freebase features for dis-
ambiguation, verifying the impact of multi-features. Wikipedia-MD uses both
dictionaries for mention recognition but only Wikipedia features for disambigua-
tion, verifying the impact of multiple mention-entity dictionaries. Freebase-MF
and Freebase-MD are analogous.

Evaluation results of different knowledge bases and supplementary experiments

Method Precision Recall F-value

Wikipedia 62.68% 71.49% 66.80%
Wikipedia-MF  63.26% (+0.93%)  69.01% (-3.5%) 66.01% (-1.2%)
Wikipedia-MD ~ 71.43% (+13.96%) 76.45% (+6.94%) 73.85% (+10.55%)
Freebase 69.32% 75.62% 72.33%
Freebase-MF  69.47% (+0.22%)  75.21% (-0.54%)  72.22% (-0.15%)
Freebase-MD  69.26% (-0.09%) 77.27% (+2.2%)  73.05% (+1%)

Note: Wikipedia-MF = Wikipedia dictionary + both KB features; Wikipedia-MD
= both dictionaries + Wikipedia features; Freebase-MF/MD are analogous.

The results show that using multiple mention-entity dictionaries is the primary
reason for performance improvement, increasing recall by 6.94% and 2.2% and
F-value by 10.55% and 1% for Wikipedia and Freebase, respectively. Multi-
features provide only minor precision improvements (0.93% and 0.22%) without
overall performance gains.

Error analysis of incorrectly identified query topics reveals three issues: (1)
Correct mentions may be filtered during candidate mention identification. For
example, in  “old coins,” the correct mention “coins” is filtered because “old
coins” has greater coverage and matches the longest-match principle, though
“old coins” appears only once as a mention in Wikipedia. Similar errors occur
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for “espn sports” and “diabetes education.” (2) Correct entities may not be
retrieved when obtaining candidate entities. For instance, for “website design
hosting,” when retrieving candidates for “hosting,” the top k entities by prior
probability from Wikipedia do not include the correct entity, though Freebase’
s top k does, with similar errors occurring for “lymphoma in dogs” and “fact
on uranus.” (3) Incorrect disambiguation, as seen with “obama family tree,”
where the combined approach fails to disambiguate correctly, suggesting that
additional features might resolve such cases.

6. Conclusion

This paper proposes a multi-knowledge-base entity linking method. Experi-
ments with Wikipedia and Freebase demonstrate that Wikipedia+Freebase out-
performs individual knowledge bases. Two limitations remain: filtering n-grams
by part-of-speech lacks theoretical foundation, and the FACC1 dataset has high
precision but low recall [8]. Our method is applicable to other knowledge
bases. For YAGO, the “HasWikipediaURL”relation can build YAGO-Wikipedia-
Freebase mapping dictionaries; the “means” relation can collect YAGO entity
mentions, while Wikipedia anchor texts can provide mention-to-entity counts
[23] to construct similar mention-entity dictionaries. Disambiguation can use
textual relatedness and type relatedness (computed from type and subClass re-
lationships [23]). Based on our findings, Wikipedia+Freebase+YAGO should
outperform individual knowledge bases.

Future work will explore better information fusion methods to further improve
multi-knowledge-base entity linking performance.
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