
Chapter 3
Term-Based Models for Entity Ranking

We have established in Chap. 1 that entities are natural and meaningful units of
retrieval. To recap, according to our working definition, an entity is a uniquely
identifiable “thing,” a typed object, with name(s), attributes, and relationships to
other entities. Examples of some of the most frequent types of entities include
people, locations, organizations, products, and events. Returning specific entities,
instead of a mere list of documents, can provide better answers to a broad range of
information needs. The way these information needs are expressed may vary from
short keyword queries to full-fledged natural language questions (cf. Sect. 1.3.1.1).
In this chapter, we adhere to the “single search box” paradigm, which accepts “free
text” search queries, and simply treat queries as sequences of words, referred to
hereinafter as terms. The task we are going to focus on is ad hoc entity retrieval:
answering a one-off free text query, representing the user’s underlying information
need, with a ranked list of entities. The fundamental question we are concerned with
then is: How do we perform relevance matching of queries against entities?

In Chap. 2, we have introduced large-scale knowledge repositories, like Wiki-
pedia and DBpedia, that are devoted to organizing information around entities
in a (semi-)structured format. Having information accumulated about entities in
a knowledge repository is indeed helpful, yet it is not a prerequisite. As we
shall see later in this chapter, it is possible to rank entities without (pre-existing)
direct representations, as long as they can be recognized and identified uniquely in
documents. The main idea of this chapter can be summarized as follows: If textual
representations can be constructed for entities, then the ranking of these represen-
tations (“entity descriptions”) becomes straightforward by building on traditional
document retrieval techniques (such as language models or BM25). Accordingly,
the bulk of our efforts in this chapter, described in Sect. 3.2, will revolve around
assembling term-based entity representations from various sources, ranging from
unstructured to structured. In the simplest case, these entity representations are
based on the bag-of-words model, which considers the frequency of words but
disregards their order. We will also introduce an extension to multiple document
fields, as a mechanism for preserving some of the structure associated with entities.
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Table 3.1 Example entity
search queries taken from
various benchmarking
campaigns [4]

Query

martin luther king

disney orlando

Apollo astronauts who walked on the Moon

Winners of the ACM Athena award

EU countries

Hybrid cars sold in Europe

birds cannot fly

Who developed Skype?

Which films starring Clint Eastwood did he direct himself?

Finally, we will detail how to preserve term position information, which allows for
employing more sophisticated proximity-aware ranking models.

Section 3.3 presents baseline retrieval models for ranking term-based represen-
tations. Readers familiar with traditional document retrieval techniques may choose
to skip this section. In Sect. 3.4, we take a small detour and consider a different
retrieval approach in which entities are not modeled directly. Evaluation measures
and test collections are discussed in Sect. 3.5.

3.1 The Ad Hoc Entity Retrieval Task

Entity retrieval is the task of answering queries with a ranked list of entities. Ad hoc
refers to the standard form of retrieval in which the user, motivated by an ad hoc
information need, initiates the search process by formulating and issuing a query.1

The search query might come in a variety of flavors, ranging from a few keywords
to proper natural language questions; see Table 3.1 for examples. Adhering to the
“single search box” paradigm, we do not make any assumptions about the specific
query format and accept any written or spoken text that is entered in a search box.
This free text input is then treated as a sequence of keywords (without any query
language operators, such as Boolean operators). We further assume that a catalog of
entities is available, which contains unique identifiers of entities. For matching the
query against entities in the catalog, both unstructured and structured information
sources may be utilized. The formal definition of the task, then, is as follows.

Definition 3.1 Given a keyword query q and an entity catalog E , ad
hoc entity retrieval is the task of returning a ranked list of entities
〈e1, . . . ,ek〉,ei ∈ E with respect to each entity’s relevance to q . The relevance
of entities is inferred based on a collection of unstructured and/or (semi-)
structured data.

1More precisely, ad hoc refers to the nature of the information need, i.e., “a temporary information
need that might disappear once the need is satisfied” [78].
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How to go about solving this task? We can build on the extensive body of work on
document retrieval that has established models and algorithms for matching queries
against documents. One way to frame the problem of entity ranking is to imagine
that an entity description or “profile” document is to be compiled for each entity
in the catalog, which contains all there is to know about the given entity, based
on the available data. Once those descriptions are created, entities can be ranked
using existing document retrieval algorithms.We detail these two steps, constructing
and ranking term-based entity representations, in Sects. 3.2 and 3.3, respectively.
Alternatively, entity retrieval may also be approached without requiring explicit
representations to be built for each entity. This possibility is discussed in Sect. 3.4.

Before we proceed further, a note of clarification on entity identifiers vs.
representations. Strictly speaking, we return a ranked list of entity identifiers and
establish relevance based on each entity’s representation. Since the identifier of an
entity is uniquely associated with its representation, for convenience, we disregard
the distinction in our notation and simply write e for an entity or its identifier.

3.2 Constructing Term-Based Entity Representations

The first step in addressing the problem of ad hoc entity retrieval is to create a
“profile” document for each entity in our catalog, which includes all that we know
about that entity. This will serve as the textual representation of the given entity,
referred to as entity description for short. One can assemble entity descriptions
by considering the textual contexts, from a large document collection, in which
the entities occur. For popular entities, such descriptions may already be readily
available (think of the Wikipedia page of an entity). Also, there is a large amount of
information about entities organized and stored in knowledge bases in RDF format.
Reflecting the historical development of the field, we will proceed and consider
the underlying data sources in exactly this order: unstructured document corpora
(Sect. 3.2.1), semi-structured documents (Sect. 3.2.2), and structured knowledge
bases (Sect. 3.2.3).

For all types of data sources, our main focus will be on estimating term
count, denoted as c(t;e), which is the number of times term t appears in the
description constructed for entity e. With that at hand, we can define standard
components of (bag-of-words) retrieval models analogously to how they are defined
for documents:

• Entity length (le) is the total number of terms in the entity description:

le =
∑

t∈V
c(t;e) .
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Table 3.2 Notation used in this chapter

Symbol Meaning

c(x;y) Count (raw frequency) of x in y

c(x,y;z) Number of times x and y co-occur in z

co(x,y;z) Number of times x and y co-occur in z in that exact order

cw(x,y;z) Number of times x and y co-occur in z in an unordered window of size w

d Document (d ∈ D)

D Document collection

e Entity (e ∈ E)
E Entity catalog (set of all entities)

f Field (f ∈ F )

F Set of fields

fe Field f of entity e

K Knowledge base

lx Length of x (lx = ∑
t∈V c(t;x))

lx Mean representation length of x

q Query (bag of terms t∈q �⇒c(t;q)>0 or sequence of terms q = 〈q1, . . . ,qn〉)
t Term (t ∈ V)
V Vocabulary of terms

w(e,d) Weight of association between entity e and document d

xt Sequence of terms in x (xt = 〈t1, . . . ,tlx 〉)

• Term frequency (TF) is computed as the normalized term count in the entity
description:

TF(t,e) = c(t;e)
le

, (3.1)

but other TF weighting variants (e.g., log normalization) may also be used.
• Entity frequency (EF) is the number of entities in which a term occurs:

EF(t) = |{e ∈ E : c(t;e) > 0}| .

• Inverse entity frequency (IEF) is defined as:

IEF(t) = log
|E |

EF(t)
, (3.2)

where |E | is the total number of entities in the catalog.

We shall also discuss how the sequential ordering of terms may be preserved in
entity descriptions, which is needed for proximity-based retrieval models.

Table 3.2 summarizes the notation that will be used throughout the chapter.
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<head>

<title>Formula One Surprise: Schumacher Is Second</title>

...

<classifier class="indexing_service " type="descriptor">

Automobile Racing</classifier>

<classifier class="indexing_service " type="descriptor">

Belgian Grand Prix</classifier>

<classifier class="online_producer " type="taxonomic_classifier ">

Top/News/Sports</classifier>

...

<person class="indexing_service ">Raikkonen, Kimi</person>

<person class="indexing_service ">Schumacher, Michael</person>

...

</head>

<body>

...

<p>One of the most predictable Formula One seasons yielded one of the most

unpredictable of races yesterday in the Belgium Grand Prix at Spa -Francorchamps ,

where , for the first time this year , Michael Schumacher completed a race in a

position other than first.</p>

<p>His second -place finish to Kimi Raikkonen, though , was all he needed to

win his seventh driver ’s title.</p>

<p>"Of course , I would have preferred to have taken the title with a win ,

but it was not possible," he said. "The better man won today , but I am quite

happy with what I have achieved."</p>

...

</body>

Listing 3.1 Excerpt from an article (ID: 1607874) from The New York Times Annotated
Corpus [67]

3.2.1 Representations from Unstructured Document Corpora

Let us consider a setting where ready-made entity descriptions are unavailable. This
is typical of a scenario when one wants to find entities in an arbitrary document
collection, like a web crawl or an enterprise’s intranet. How can entity descriptions
be constructed in this case? This question has been extensively studied in the context
of expert finding [3],2 and the approach we shall present below is based on the
concept of candidate models [2].

The main idea is to have documents annotatedwith the entities that are referenced
in them, and then use documents as a proxy to connect terms and entities.
Annotations may be performed on the document level, like tags (see Listing 3.1),
or on the level of individual entity occurrences, referred to as entity mentions (see
Fig. 3.1). We discuss each of those cases in turn. For now, we take it for granted that
entity annotations, either on the document or on the mention level, are available to
us. These may be provided by human editors or by a fully automated (entity linking)
process.3

2In expert finding (a.k.a. expert search), the task is to automatically identify, based on a document
collection, people who are experts on a given query topic; see Sect. 3.5.2.1.
3We will come back to this issue in Chap. 5, which is devoted entirely to the problem of annotating
text with entities.
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The 2004 Belgian Grand Prix (formally the LXI Belgian Grand Prix) was a Formula_One
motor race held on 29 August 2004, at the Circuit_de_Spa-Francorchamps, near the town
of Spa, Belgium. It was the 14th race of the 2004_Formula_One_Season. The race was
contested over 44 laps and was won by Kimi_Raikkonen, taking his and McLaren’s only
race win of the season from tenth place on the grid. Second place for Michael_Schumacher
won him his seventh world championship, after beating third-placed Rubens_Barrichello.

Fig. 3.1 Illustration of mention-level entity annotations; terms representing entities are in bold-
face. The text is from Wikipedia: https://en.wikipedia.org/wiki/2004_Belgian_Grand_Prix

Using documents as a bridge between terms and entities, term counts can be
computed using the following general formula:

c̃(t;e) =
∑

d∈D
c(t,e;d) w(e,d) . (3.3)

Here, we use tilde to emphasize that c̃(t;e) values are pseudo-counts; in later parts
of the chapter we will not necessarily make this distinction. The method underlying
Eq. (3.3) bases the term pseudo-count c̃(t;e) on the number of co-occurrences
between a term and an entity in a particular document, c(t,e;d), weighted by the
strength of the association between the entity and the document,w(e,d). These two
components depend on the granularity of entity annotations (i.e., whether document-
level or mention-level), as we shall detail in the next two subsections.

3.2.1.1 Document-Level Annotations

Listing 3.1 shows an excerpt from an article from The New York Times Annotated
Corpus. As part of The New York Times’ indexing procedures, the article has been
manually tagged by a staff of library scientists with persons, places, organizations,
titles, and topics, using a controlled vocabulary [67]. This particular example serves
as an illustration of the case where we know which entities are mentioned in the
document, but we do not have information about the positions or frequencies of
those mentions.

The process of creating an entity’s description may be viewed as simply
concatenating the contents of all documents that are tagged with the given
entity.

Formally, let e ∈ d denote the fact that e is mentioned in d . For convenience, we
introduce the shorthand notation De for the set of documents that are annotated
with entity e: De = {d ∈D : e ∈ d}. The components of Eq. (3.3) are then estimated
as follows.

https://en.wikipedia.org/wiki/2004_Belgian_Grand_Prix
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Term-document-entity co-occurrences are equal to the term count in the document
if it mentions the entity, and are zero otherwise:

c(t,e;d) =
{

c(t;d), e ∈ d

0, e �∈ d .

Document-entity weights are taken to be binary:

w(e,d) =
{
1, e ∈ d

0, e �∈ d .
(3.4)

This naïve approach (also known as the Boolean model of associations [5]) is based
on rather strong simplifying assumptions. It does not matter (1) where and how
many times the entity e is mentioned in the document, and (2) what other entities
occur (and how many times) in the same document. However, given the limited
information we have (and especially that we do not have the frequencies of entity
mentions), this choice is reasonable. Experimental results have shown that this
simple method is robust and surprisingly effective [2].

Putting our choices together, term pseudo-counts can be computed according to:

c̃(t;e) =
∑

d∈De

c(t;d) .

While pseudo-counts suffice for bag-of-words retrieval models, for proximity-aware
retrieval models, term position information needs to be preserved. An easy way of
implementing this is by constructing entity descriptions indeed as a concatenation
of all documents that mention a given entity. Although the ordering of documents
is unimportant, it is vital to keep track of document boundaries (e.g., by inserting
NIL-terms between each pair of subsequent documents).

3.2.1.2 Mention-Level Annotations

It is not unreasonable to assume that all entity mentions within documents are
annotated (with unique identifiers from the entity catalog). Imagine that all entity
mentions are replaced with the corresponding entity ID tokens; see Fig. 3.1 for an
example. It is important to emphasize that here we assume that all entity occurrences
are annotated in documents. With manually annotated documents, that is often not
the case; e.g., Wikipedia guidelines dictate that only the first appearance of each
entity is to be linked in an article. How can we estimate the term pseudo-counts in
Eq. (3.3) then?

A general principle for creating semantic representations of words was summa-
rized by the British linguist J.R. Firth in his often-quoted statement: “You shall
know a word by the company it keeps” [31]. The same principle can also be applied
to entities: We shall represent an entity by the terms in its company, i.e., terms
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... for his ninth victory of 2001. Michael_Schumacher, who had clinched his fourth ...
... On lap 14, Takuma Sato hit Michael_Schumacher’s car from behind, causing both to ...

Michael_Schumacher won the season-opening Formula ...
... which paved the way for the Michael_Schumacher era of Ferrari dominance ...
... started 1-2 ahead of Ferrari’s Michael_Schumacher.

Fig. 3.2 Example contexts in which a given entity is mentioned; mentions of the entity are
replaced with the entity ID and are typeset in boldface. These contexts collectively represent the
entity

within a window of text around the entity’s mention. Figure 3.2 illustrates this idea
by showing a set of snippets mentioning a certain entity; the combination of all such
contexts across the document collection produces an accurate representation of the
entity. This idea dates back to Conrad and Utt [24], who extracted and combined
all paragraphs in a corpus, mentioning a given entity, to represent that entity. Ten
years later, Raghavan et al. [62] provided a more formal framework to construct
bag-of-words representations of entities by considering fixed sized word windows
surrounding entity mentions.

To formalize this idea we introduce the following notation. Let dt = 〈t1, . . . ,ti,
. . . ,tld 〉 be a document, where 1, i, and ld are absolute positions of terms within d ,
and ld is the length of the document. Let 1d(i,t) be an indicator function that returns
the value 1 if the term at position i in d is t , and 0 otherwise. We further assume that
entity occurrences have been replaced with unique identifiers that behave as regular
terms (i.e., are not broken up into multiple tokens). Accordingly, 1d (i,e) will yield
the value 1 if entity e appears at position i in d , and 0 otherwise.

Term-Document-Entity Co-occurrences We can use positional information, i.e.,
the distance between terms and entity mentions, to weigh the strength of co-
occurrence between t and e. There are a number of different ways to accomplish
this; we will detail two specific approaches.

Fixed-Sized Windows For any particular window size w, we set c(t,e;d) to the
number of times term t and entity e co-occur at a distance of at most w in
document d:

c(t,e;d) =
ld∑

i=1

1d(i,t)

ld∑

j=1
|i−j |≤w

1d (j,e) . (3.5)

Prior work has used window sizes ranging from 20 to 250 [2].

Proximity Kernels The previous approach can be taken one step further by captur-
ing the intuition that terms closer to the mention of an entity should be given more
importance than terms appearing farther away. Petkova and Croft [60] formalize this
intuition using proximity kernels. A proximity kernel is a function that is used for
distributing the “count” of a term that appears at position i across other positions.
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Fig. 3.3 Illustration of proximity kernels. Image is based on [60]

As Lv and Zhai [46] explain, “we would like to pretend that the same word has also
occurred at all other positions with a discounted count such that if the position is
closer to i, the propagated count for word w at that position would be larger than
the propagated count at a position farther away, even though both propagated counts
would be less than one.” Figure 3.3 shows various proximity kernels with i = 100.
The proximity-aware term-entity co-occurrence in a given document is defined as:

c(t,e;d) = 1

Z

ld∑

i=1

1d(i,t)

ld∑

j=1

1d (j,e) k(i,j) ,

where k(i,j) is a proximity-kernel function and Z serves as a normalizing constant,
which may be omitted. Note that these counts will no longer be integers, but real
numbers.

The simplest kernel is the constant function, which ignores all position informa-
tion and thus corresponds to the bag-of-words representation: k(i,j) = 1/ld . The
passage kernel corresponds to the fixed-sized window approach in Eq. (3.5):

k(i,j) =
{
1, |i − j | ≤ w

0, otherwise .

Any non-uniform, non-increasing function can be considered as a proximity-based
kernel. Following [46, 60], we present two such kernel functions:

• Gaussian kernel:

k(i,j) = exp
(−(i − j)2

2σ 2

)
.
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• Triangle kernel:

k(i,j) =
{
1 − |i−j |

σ
, |i − j | ≤ σ

0, otherwise .

Both these kernels involve a single parameter σ , which controls the shape of the
kernel curves, i.e., how quickly the propagation of terms tails off. Petkova and Croft
[60] compared three non-uniform kernels (Gaussian kernel, triangle kernel, and step
function) and found them to deliver very similar empirical performance, with no
significant differences among them.

Document-Entity Weights The default option for estimating the strength of the
association between a document and an entity is to repeat what we have done
before for document-level annotations, in Eq. (3.4), by setting w(e,d) to either 0
or 1. This time, however, we have more information to base our estimate on. We
want w(e,d) to reflect not merely the presence of an association between an entity
and a document, but also the strength of that association. This specific task has
been studied in [5], in the context of expert finding, where the authors proposed to
use well-established term weighting schemes from IR, like TF-IDF. The rationale
behind TF-IDF is that a term that is mentioned frequently in a document is important
to that document (TF), whereas it becomes less important when it occurs in many
documents (IDF). This sounds a lot like what we would need, only that we need it
for entities, not for terms.

Imagine, for a moment, that all regular (non-entity) word tokens have been
filtered out from all documents in our collection; documents now are comprised
of entities only. Those entities could then be weighted as if they were terms. This
is exactly how we will go about implementing “entity weighting.” Since TF-IDF is
based on a bag-of-words representation, we do not need to actually remove regular
terms. The only information we need is the frequency of mentions of an entity in
a document, c(e;d). Using the notation from earlier, this entity frequency can be
computed as:

c(e;d) =
ld∑

i=1

1d(i,e) .

We can then define the document-entity weight as follows:

w(e,d) = c(e;d)∑
e′∈d c(e′;d)

log
|D|
|De| , (3.6)

where De is the set of documents that are annotated with entity e, and |D| denotes
the total number of documents in the collection.
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Fig. 3.4 Web page of the movie THE MATRIX from IMDb (http://www.imdb.com/title/
tt0133093/)

The same objective may also be accomplished using language models, where
smoothing with the background model plays the role of IDF. The interested reader
is referred to Balog and de Rijke [5] for details.

3.2.2 Representations from Semi-structured Documents

A significant portion of web content is already organized around entities. There exist
many sites with a large collection of web pages dedicated to describing or profiling
entities—think of the Wikipedia page of MICHAEL SCHUMACHER from Chap. 2,
for instance (cf. Fig. 2.2). Another example is shown in Fig. 3.4, this time a web page
of a movie from the Internet Movie Database (IMDb). Documents that represent
entities are rarely just flat text. Wikipedia pages are made up of elements such as
title, introductory text, infobox, table of contents, body content, etc. (cf. Fig. 2.2).
The IMDb page in Fig. 3.4 has dedicated slots for movie name, synopsis, cast, rat-
ings, etc. In fact, all web pages are annotated with structural markup using HTML.

The standard way of incorporating the internal document structure into the
retrieval model is through the usage of document fields. Fields correspond to specific
parts or segments of the document, such as title, introductory text, infobox, etc. in
the case of Wikipedia, or movie name, synopsis, directors, etc., in the case of IMDb.

http://www.imdb.com/title/tt0133093/
http://www.imdb.com/title/tt0133093/
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Table 3.3 Fielded entity description created for THE MATRIX, corresponding to Fig. 3.4

Field Content

Name The Matrix

Genre Action, Sci-Fi

Synopsis A computer hacker learns from mysterious rebels about the true nature of
his reality and his role in the war against its controllers

Directors Lana Wachowski (as The Wachowski Brothers), Lilly Wachowski (as
The Wachowski Brothers)

Writers Lilly Wachowski (as The Wachowski Brothers), Lana Wachowski (as
The Wachowski Brothers)

Stars Keanu Reeves, Laurence Fishburne, Carrie-Anne Moss

Catch-all The Matrix Action, Sci-Fi A computer hacker learns from mysterious
rebels about the true nature of his reality and his role in the war against
its controllers. Lana Wachowski (as The Wachowski Brothers), Lilly
Wachowski (as The Wachowski Brothers) Lilly Wachowski (as The
Wachowski Brothers), Lana Wachowski (as The Wachowski Brothers)
Keanu Reeves, Laurence Fishburne, Carrie-Anne Moss

Fields can be defined rather flexibly; certain parts of the document may be consid-
ered for multiple fields or not assigned to any field at all. Furthermore, not all fields
can necessarily be found in all documents (e.g., a relatively small portion of movie
pages have an “awards” section; for most movies this would be empty, and therefore,
is not even shown). This is why we consider these representations semi-structured,
and not structured; we do not require them to follow a rigid, formal schema.

Let F denote the set of possible fields and f ∈F denote a specific field. We write
fe to refer to field f in the description of entity e. The contents of these fields are
typically extracted using wrappers (also called template-based extractors), which
are designed specifically to deal with a particular type of document (e.g., Wikipedia
or IMDb pages) [41]. (To reduce the effort and maintenance cost associated with
developingwrappers manually, automatedwrapper induction has been an active area
of research, see, e.g., [28].) Assuming that the contents of fields have been obtained,
we can define term statistics as before, but this time all computations take place on
the field-level, as opposed to the document-level. Specifically, we let c(t;fe) be the
number of times term t appears in field f of the description of e, and lfe is the total
number of terms in that field.

Table 3.3 shows the fielded entity description corresponding to Fig. 3.4. Notice
that in addition to the regular fields, a special “catch-all” field has also been
introduced, which amasses the contents of all fields (or sometimes of the entire
document).4 The rationale behind having a catch-all field is twofold. First, it can
be used to narrow the search space by filtering entities that are potentially good
candidates for a given query, and consider only those for scoring (thereby improves

4Fields provide a non-exclusive and non-complete partitioning of the document’s content, therefore
the union of all fields does not necessarily equal the whole document.
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Fig. 3.5 Excerpt from an RDF graph. Rounded rectangles represent entities (URIs) and shaded
rectangles denote attributes (literal values)

efficiency). Second, fielded entity descriptions are often sparse. When computing
the relevance between an entity and a query, a more robust estimate can be obtained
by combining the field-level matching scores with an entity-level matching score,
enabled by the catch-all field (hence it improves effectiveness).

While our focus in this section has been on a setting where documents have a one-
to-one correspondence with entities, fielded representations may also be realized
when entity descriptions are created by aggregating information from multiple
documents (cf. Sect. 3.2.1). The only difference is that the term pseudo-counts need
to be computed on the field-level as opposed to the document-level. (That is, a given
field in the description of an entity, fe, is constructed by concatenating the contents
of the respective field, fd , from all documents in the collection that mention e.)

3.2.3 Representations from Structured Knowledge Bases

Over the past few years, an increasing amount of structured data has been published
(and interlinked) on the Web. We have introduced some large general-purpose
knowledge bases, including DBpedia and Freebase, in Sect. 2.3. These organize
information around entities using the RDF data model (cf. Sect. 2.3.1.2). To recap,
each entity is uniquely identified by its URI (Uniform Resource Identifier) and
its properties are described in the form of subject-predicate-object (SPO) triples.
Conceptually, a set of SPO triples forms a directed graph, where each edge is
labelled with a URI (the predicate) and each node is either a URI or a literal. Our
focus, here, is on the immediate vicinity of the entity node: nodes that are directly
connected to it (irrespective of the direction of the edge), as shown in Fig. 3.5. Or,
in terms of SPO triples, we consider all those triples where the entity appears either
as subject or object. How can we turn this into a term-based entity representation?

Let us note, before we continue with answering the above question, that while
our focus will be on RDF data, from the perspective of constructing term-based
entity representations, this is conceptually no different from having data stored in
relational databases, where the same information is available through fields and
foreign-key relationships.
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Table 3.4 Excerpt from the fielded entity description of AUDI A4, corresponding to Fig. 3.5

Field Content

Name Audi A4

Name variants Audi A4 . . . Audi A4 Allroad

Attributes The Audi A4 is a compact executive car produced since late 1994 by the
German car manufacturer Audi, a subsidiary of the Volkswagen Group
[. . . ]

. . . 1996 . . . 2002 . . . 2005 . . . 2007

Types Product . . . Front wheel drive vehicles . . . Compact executive cars . . .

All wheel drive vehicles

Outgoing relations Volkswagen Passat (B5) . . . Audi 80

Incoming relations Audi A5

<foaf:name> Audi A4

<dbo:abstract> The Audi A4 is a compact executive car produced since late 1994 by the
German car manufacturer Audi, a subsidiary of the Volkswagen Group
[. . . ]

Catch-all Audi A4 . . . Audi A4 . . . Audi A4 Allroad . . . The Audi A4 is a
compact executive car produced since late 1994 by the German car
manufacturer Audi, a subsidiary of the Volkswagen Group [. . . ] . . . 1996
. . . 2002 . . . 2005 . . . 2007 . . . Product . . . Front wheel drive vehicles
. . . Compact executive cars . . . All wheel drive vehicles . . . Volkswagen
Passat (B5) . . . Audi 80 . . . Audi A5

Values coming from different SPO triples are separated by “. . . ” For the sake of illustration, we
consider <foaf:name> and <dbo:abstract> as “top predicates,” which are also included on
their own. The other fields are the result of predicate folding

The goal is to obtain entity descriptions by assembling text from all SPO triples
that are about a given entity. In the previous section, we have discussed how to
represent entities using a fielded structure. Can the same technique be used here?
It would seem logical, as predicates naturally correspond to fields. There is one
important difference though. Earlier we had only a handful of fields; even in the case
of fairly detailed entity pages, the number of entity properties (i.e., fields) would be
in the 10s. On the other hand, the number of distinct predicates in a knowledge base
is typically in the 1000s. Yet, most entities have only a small number of predicates
associated with them. The huge number of possible fields, coupled with the sparsity
of the data, makes the estimation of field weights computationally prohibitive.

A commonly used workaround is predicate folding: grouping predicates together
into a small set of predefined categories. This way, we are back to having a handful
of fields in the entity descriptions, and the estimation of field weights may be carried
out without problems. Predicates may be grouped based, among other alternatives,
on their type [54, 59] or on their (manually determined) importance [12]. Table 3.4
shows the fielded entity description created for our example entity. In what follows,
we shall discuss the main steps involved with obtaining such representations from
RDF data.
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3.2.3.1 Predicate Folding

Deciding which predicates to fold is a hard and still open problem. Two main
predicate mapping schemes may be distinguished in past work: based on predicate
importance or based on predicate type. Blanco et al. [12] employ the first scheme
and differentiate between three types of fields according to weight levels: impor-
tant, neutral, and unimportant. Important and unimportant predicates are selected
manually, with the remainder being neutral. Grouping based on predicate type has
been the more dominant approach. The following fields have been identified (with
interpretations slightly varying across different studies). Unless stated otherwise,
the entity appears as the subject of the SPO triple and the object is the field value
(with URIs resolved, which is explained in Sect. 3.2.3.2). In our examples, we will
use the namespaces from DBpedia (cf. Table 2.4).

• Name contains the name(s) of the entity. The two main predicates mapped to
this field are <foaf:name> and <rdfs:label>. One might follow a simple
heuristic and additionally consider all predicates ending with “name,” “label,”
or “title” [54].

• Name variants (aliases) may be aggregated in a separate field. In DBpedia, such
variants may be collected via Wikipedia redirects (via <dbo:wikiPageRedi-

rects>) and disambiguations (using <dbo:wikiPageDisambiguates>). Note
that in both these cases some simple inference is involved.5 This field may also
contain anchor texts of links to the entity (via <dbo:wikiPageWikiLinkText>
in DBpedia) or names of the entity in other knowledge bases (collected via
<owl:sameAs> relations).

• Attributes includes all objects with literal values, except the ones already included
in the name field. In some cases, the name of the predicate may also be included
along with the value, e.g., “founding date 1964” [81] (vs. just the value part,
“1964”).

• Types holds all types (categories, classes, etc.) to which the entity is assigned;
commonly, <rdf:type> is used for types. In DBpedia, <dct:subject> is used
for assigningWikipedia categories, which may also be considered as entity types.
In Freebase, the “profession” attribute for people or the “industry” attribute for
companies have similar semantics.

• Outgoing relations contains all URI objects, i.e., names of entities (or resources
in general) that the subject entity links to; if the types or name variants fields
are used, then those predicates are excluded. As with attributes, values might be
prefixed with the predicate name, e.g., “spouse Michelle Obama” [81].

• Incoming relations is made up of subject URIs from all SPO triples where the
entity appears as object.

5In DBpedia, the triple (e′,<dbo:wikiPageRedirects>,e) records the fact that entity e′ redirects
to entity e. The name of e′ is contained in a triple (e′,<foaf:name>,e′

name) (or using the
<rdfs:label> predicate). Putting these two together, e′

name will be a name variant of e. Similarly,
name variants can also be inferred from disambiguations.
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Table 3.5 Entity fields used in prior work

Field [55] [54] [80] [59] [81] [37]

Name � � � � � �
Name variants �
Attributes � � �
Types � � �
Outgoing relations � � � �
Incoming relations � �
Top predicates �
Catch-all � � �

• Top predicates may be considered as individual fields, e.g., Hasibi et al. [37]
include the top-1000 most frequent DBpedia predicates as fields.

• Catch-all (or content) is a field that amasses all textual content related to the
entity.

The example in Table 3.4 includes all these fields.
In Table 3.5, we summarize various field configurations that have been used in

a selection of prior work. Notably, using as few as two fields, name and content,
it is possible to achieve solid performance [55]. This setting, often referred to as
“title+content,” is also regarded as a common baseline [37, 81]. The importance of
other fields can vary greatly depending on the type of queries [81].

3.2.3.2 From Triples to Text

Predicate folding governs how SPO triples in a knowledge base, (s,p,o) ∈ K,
should be mapped to entity description fields. It remains to be specified how to
turn these triples into a text-based field representation. There are two triple patterns
that contain information directly related to an entity e: (1) outgoing relations, where
the entity stands as the subject of the triple, i.e., (e,p,o), and (2) incoming relations,
where the entity stands as the object of the triple, i.e., (s,p,e). Let Mout(p) and
Min(p) be the mapping functions for outgoing and incoming relations labeled with
predicate p; these return a set of target fields to which p is mapped (and they return
∅ if the predicate is not mapped to any field).

Using a bag-of-words representation, the frequency of a term in a given entity
field is calculated by considering both the object values of outgoing relations and
the subject values of incoming relations:

c(t;fe) =
∑

(e,p,o)∈K
f ∈Mout(p)

c(t;o) +
∑

(s,p,e)∈K
f∈Min(p)

c(t;s) ,

where c(t;o) and c(t;s) are the raw frequencies of term t in the object and subject,
respectively.
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To preserve term position information, essentially the subject/object values need
to be concatenated across the set of triples that contain the entity. The sequence of
terms within a given entity field may be written as:

fet =
⋃

(e,p,o)∈K
f ∈Mout(p)

ot

⋃

(s,p,e)∈K
f ∈Min(p)

st ,

where
⋃

is the string concatenation operator.6 The sequence of terms in the object
and subject elements of SPO triples are denoted as ot and st , respectively. Note that
triples are a set, thus the order in which they are concatenated is of no importance.
(That means that the order that is preserved here refers to the sequence of terms
within each SPO element.)

Resolving URIs Recall that object values are either URIs or literals. Literals can be
treated as regular text, so they do not need any further processing. URIs, however,
are not suitable for text-based search. Consider for instance the full URI of our AUDI

A4 example, which is http://dbpedia.org/resource/Audi_A4. Depending on the pre-
processing and analysis steps applied during indexing, it may be tokenized as a
single term, which will not match any query terms (other than that exact string). Or,
it might be tokenized, e.g., as http dbpedia org resource Audi A4, which
does contain the terms “Audi” and “A4,” but also a lot of noise in addition. Mind
that not all entity URIs are as friendly as the ones in DBpedia. The same entity in
Freebase has the URI http://rdf.freebase.com/ns/m.030qmx, which is unfit for text-
based search, no matter what pre-processing is applied. Since the names of entities
(or of resources, in general) are contained in the knowledge base, we can replace
URIs with the name of the entity (or resource) that they point to. This is what we
refer to as URI resolution.

The specific predicate that holds the name of a resource depends on the RDF
vocabulary used. Commonly,7 <foaf:name> or <rdfs:label> are used. Let us
take the following SPO triple as an example, which specifies the type of entity:

<dbr:Audi A4> <rdf:type> <dbo:MeanOfTransportation>

The corresponding resource’s name is contained in the object element of this triple:

<dbo:MeanOfTransportation> <rdfs:label> "mean of transportation"

Basically, we replace the boldfaced part of the first triple with the boldfaced part
of the second triple, and we do this each time the object of a triple is a URI.
(Additionally, we might also want to resolve certain subject URIs.) We note that
there may be situations where the URI cannot be resolved, e.g., if it points to a

6This operator is assumed to insert a number of NIL-terms between subsequent strings, in order to
delineate values originating from different triples.
7That is, using the FOAF or RDFS vocabularies.

http://dbpedia.org/resource/Audi_A4
http://rdf.freebase.com/ns/m.030qmx
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resource outside the knowledge base. In that case, we need to fall back to some
default URI tokenization scheme (e.g., remove protocol:// prefixes and split on
URI delimiters).

Let us take note of some of the prime limitations of term-based representations
that are manifested here. By replacing unique entity identifiers with regular terms,
much of the power of this semantically rich knowledge gets lost. For example, we
can use only a single name for an entity, even though it might have multiple name
variants or aliases. And that is just the name. There is a whole lot more information
associated with an entity identifier. We will discuss models in Chap. 4 that preserve
the semantics by going beyond a term-based representation.

3.2.3.3 Multiple Knowledge Bases

So far, we have considered a single knowledge base. The Web of Data, as we have
explained in Sect. 2.3.6, enables different knowledge bases to be connected via the
<owl:sameAs> predicate, which defines an equivalence relation between a pair of
entities (resources). For a given entity e, we let E be the set of entity URIs such
that each URI in E is connected to at least one other URI in E via a same-as link
(∀ei ∈ E : ∃ej (ei,sameAs,ej ) ∨ (ej,sameAs,ei )). During the construction of the
fielded entity description of e, instead of only considering triples where e appears
as subject or object, we now need to consider all triples where any of the URIs in E

appears as subject or object.

3.3 Ranking Term-Based Entity Representations

Now that we have constructed term-based representations of entities, we turn to the
task of ranking them with respect to their relevance to a search query q . This can
be viewed as the problem of assigning a score to each entity in the entity catalog:
score(e;q). Entities are then sorted in descending order of their scores. We note that
in practice we are typically interested only in returning the top-k results; for that, the
calculation of scores (a procedure also known as query processing) can be optimized
to significantly decrease response time. For example, entities that do not match any
of the query terms can safely be ignored. Further performance optimization can
be achieved via specialized indexing data structures, see, e.g., [18, 19, 22]. The
description of these techniques is beyond the scope of this book.

Our focus in this section is on different ranking models and algorithms for scor-
ing entities. Retrieval models are formal representations of the process of matching
queries and entities. Since we are ranking term-based entity representations—or,
as we call them, entity descriptions—the models we employ are well-known from
document retrieval. While we will be referring to entities instead of documents,
the only change in technical terms is replacing d with e in the equations. Readers
already familiar with standard retrieval models may wish to skip this section. The
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reason we briefly discuss these models, apart from our general aim of being self-
contained, is that we will present various extensions to them in Chap. 4. For a more
in-depth treatment, we refer to an IR textbook, such as Manning et al. [49], Croft
et al. [26], or Zhai and Massung [78].

3.3.1 Unstructured Retrieval Models

We present three effective and frequently used retrieval models: language models,
BM25, and sequential dependence models.

3.3.1.1 Language Models

A probabilistic formulation of the ad hoc entity retrieval task is to estimate the
probability of a particular entity e being relevant to the input query q , P(e|q).
Instead of estimating this probability directly, we apply Bayes’s rule to rewrite it
as follows:

P(e|q) = P(q|e)P (e)

P (q)

rank= P(q|e)P (e) . (3.7)

For simplicity, we take the entity prior, P(e), to be uniform,8 which means that the
ranking of entities boils down to the estimation of the query likelihood, P(q|e). To
avoid numerical underflows, the computation of this probability is performed in the
log domain:9

scoreLM(e;q) = logP(q|e) =
∑

t∈q

c(t;q) logP(t|θe) . (3.8)

where c(t;q) denotes the frequency of term t in query q and P(t|θe) is an entity
language model. The model θe captures the language usage associated with the
entity and represents it as a multinomial probability distribution over the vocabulary
of terms. To avoid assigning zero probabilities to terms, the empirical entity
language model, P(t|e), is combined with a background (or collection) language
model, P(t|E). Using the Jelinek-Mercer smoothing method, this becomes the
following linear interpolation:

P(t|θe) = (1 − λ)P (t|e) + λP(t|E) , (3.9)

8We shall present various entity priors in the next chapter, in Sect. 4.6.
9This means that retrieval scores will be negative numbers, where a higher (i.e., closer to zero)
number means more relevant.
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where the smoothing parameter λ controls the influence of the background model.
Both components are taken to be maximum likelihood estimates:

P(t|e) = c(t;e)
le

, P (t|E) =
∑

e∈E c(t;e)∑
e∈E le

,

where c(t;e) is the frequency of term t in the entity’s description and le is the length
of the entity’s description (measured in the number of terms).

Notice that according to Eq. (3.9), all entities receive the same amount of
smoothing. Intuitively, entities with richer representation (i.e., longer descriptions,
which means larger le) would require less smoothing. Dirichlet prior smoothing (or
Bayesian smoothing) implements this idea by setting:

P(t|θe) = c(t;e) + μP(t|E)

le + μ
. (3.10)

Here, the amount of smoothing applied is controlled by theμ parameter. The choice
of the smoothing method and smoothing parameter can have a considerable impact
on retrieval performance [77]. Generally, a μ value between 1500 and 2500 is a
good default setting.

3.3.1.2 BM25

Another popular and effective model is BM25. It is also a probabilistic model but
differs considerably from language models. BM25 can be derived from the classical
probability ranking principle [65], but the actual retrieval function may be seen as
a variant of the vector space model. For its historical development and theoretical
underpinnings, the interested reader is referred to Robertson and Zaragoza [63]. We
use the following variant:10

scoreBM25(e;q) =
∑

t∈q

c(t;q)
(k1 + 1) c(t;e)

k1(1 − b + b le
le

) + c(t;e) IEF(t) . (3.11)

where le is the mean entity representation length across the entity catalog (le =∑
e∈E le/|E |). Further, k1 and b are free parameters, where k1 calibrates the term

frequency saturation (typically chosen from the range [1.2,2]) and b ∈ [0,1]
controls the representation length normalization (commonly set to 0.75). It should
be noted that using the common default parameter values can yield suboptimal

10Several dialects of BM25 have been used in the literature. We present what we believe is the most
common variant, which includes an extra (k1 + 1) component to the numerator of the saturation
function. As explained in [63], “this is the same for all terms, and therefore does not affect the
ranking produced.”
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retrieval performance for BM25, especially when entity descriptions are created
from a KB [38].

3.3.1.3 Sequential Dependence Models

The previous two models employ a bag-of-words representation of both entities
and queries, which means that the order of terms is ignored. The Markov random
field (MRF) model [52] provides a sound theoretical framework for modeling term
dependence, thereby going beyond the bag-of-words assumption. MRF approaches
are a family of undirected graphical models, which belong to the more general class
of linear feature-based models [53]. A Markov random field is constructed from a
graph G, which consists of an entity node e and query nodes qi . The edges of the
graph define the dependence semantics between nodes. The MRF ranking function
is defined as the posterior probability of e given the query, parameterized by Λ. It is
computed as a linear combination of feature functions over the set of cliques in G:

PΛ(e|q)
rank=

∑

c∈CG

λcf (c) .

The sequential dependence model (SDM) is one particular instantiation of the MRF
model, which strikes a good balance between effectiveness and efficiency. SDM
assumes dependence between neighboring query terms. The graphical representa-
tion is depicted in Fig. 3.6. Potential functions are defined for two types of cliques:
(1) 2-cliques involving a query term and the entity, and (2) cliques containing two
contiguous query terms and the entity. For the latter type of cliques, there are two
further possibilities: either the query terms occur contiguously in the document
(ordered match) or they do not (unordered match). The SDM ranking function is
then given by a weighted combination of three feature functions, based on query
terms (fT ), exact match of query bigrams (fO ), and unordered match of query
bigrams (fU ):

scoreSDM(e;q) =λT

n∑

i=1

fT (qi;e)

+ λO

n−1∑

i=1

fO(qi,qi+1;e)

+ λU

n−1∑

i=1

fU (qi,qi+1;e) .

Notice that the query is no longer represented as a bag of terms but as a sequence
of terms q = 〈q1, . . . ,qn〉. The feature weights are subject to the constraint
λT + λO + λU = 1. The recommended default setting is λT = 0.85, λO = 0.1,
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Fig. 3.6 Sequential
dependence model (SDM) for
three query terms

q1 q2 q3

e

and λU = 0.05. In the presence of training data, the λ weights can be learned using
grid search (exhaustive search over the parameter space) or the Coordinate Ascent
algorithm (coordinate-level hill climbing); we refer to Metzler and Croft [53] for
further details.

Below, we define the three feature functions based on language modeling
estimates using Dirichlet prior smoothing.11

• Unigram matches are estimated using (smoothed) entity language models:

fT (qi;e) = logP(qi |θe) ,

where P(qi |θe) is given in Eq. (3.10).
• For ordered bigram matches, the feature function is defined as:

fO(qi,qi+1;e) = log

(
co(qi,qi+1;e) + μPo(qi,qi+1|E)

le + μ

)
,

where co(qi,qi+1;e) denotes the number of times the terms qi,qi+1 occur in
this exact order in the description of e. The background language model is a
maximum likelihood estimate:

Po(qi,qi+1|E) =
∑

e∈E co(qi,qi+1;e)∑
e∈E le

.

• For unordered bigram matches we set:

fU(qi,qi+1;e) = log

(
cw(qi,qi+1;e) + μPw(qi,qi+1|E)

le + μ

)
,

where cw(qi,qi+1;e) counts the co-occurrence of terms qi and qi+1 in e, within
an unordered window of w term positions. Typically, a window size of 8 is used,
which corresponds roughly to sentence-level proximity [52]. The background
language model is estimated as:

Pw(qi,qi+1|E) =
∑

e∈E cw(qi,qi+1;e)∑
e∈E le

.

11Other weighting models may also be used with cliques; see Metzler [51] for BM25 weighting
functions.



3.3 Ranking Term-Based Entity Representations 79

3.3.2 Fielded Retrieval Models

Next, we present extensions of the previously introduced models—language mod-
els, BM25, and sequential dependence models—that consider multiple fields.

3.3.2.1 Mixture of Language Models

According to the mixture of language models (MLM) [57] approach, a separate
language model is estimated for each entity field f :

P(t|θfe ) = (1 − λf )P (t|fe) + λf P (t|fE ) ,

where λf is a field-specific smoothing parameter. Both components are maximum
likelihood estimates and are defined similarly as before, but with term counts limited
to a certain field:

P(t|fe) = c(t;fe)

lfe

, P (t|fE ) =
∑

e∈E c(t;fe)∑
e∈E lfe

.

For Dirichlet prior smoothing the computations follow similarly, by replacing e and
E with fe and fE , respectively, and making the smoothing parameter field-specific
μf in Eq. (3.10).

Once field language models are created, they are combined together into a single
entity-level model using a linear mixture:

P(t|θe) =
∑

f ∈F
αf P(t|θfe) , (3.12)

where αf is the weight (or importance) of field f , such that
∑

f ∈F αf = 1. In
the absence of training data, field weights can be set uniformly or following some
heuristic; e.g., proportional to the field length (measured as the sum of field lengths
of the given field type, i.e., αf ∝ ∑

e lfe ). When training data is available and the
number of fields is small, grid search is possible (i.e., sweeping over the parameter
space [0,1] for each αf in, say, 0.1 steps). Alternatively, parameters may be trained
using the Coordinate Ascent algorithm [53]. When the number of fields is large, one
might perform retrieval using a single field at a time, then set αf proportional to the
retrieval performance of the corresponding field.

3.3.2.2 Probabilistic Retrieval Model for Semi-Structured Data

A different alternative for setting field weights is proposed by Kim et al. [40], called
probabilistic retrieval model for semi-structured data (PRMS), which hinges on the
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Table 3.6 Example mapping probabilities computed on the IMDb collection, taken from [40]

t = “Meg” t = “Ryan” t = “war” t = “redemption”

f P (f |t) f P (f |t) f P (f |t) f P (f |t)
Cast 0.407 Cast 0.601 Genre 0.927 Title 0.983

Team 0.381 Team 0.381 Title 0.070 Location 0.017

Title 0.187 Title 0.017 Location 0.002 Year 0.000

following key points: (1) instead of using a fixed (static) field weight for all terms,
field weights are determined dynamically on a term-by-term basis; and (2) field
weights can be established based on the term distributions of the respective fields.

Formally, the static field weight αf in Eq. (3.12) is replaced with the probability
of mapping term t to the given entity field f , simply referred to as the mapping
probability, P(f |t):

P(t|θe) =
∑

f∈F
P(f |t)P (t|θfe ) ,

By applying Bayes’ theorem and using the law of total probability we get:

P(f |t) = P(t|f )P (f )

P (t)
= P(t|f )P (f )∑

f ′∈F P(t|f ′)P (f ′) . (3.13)

The prior P(f ) can be used to incorporate, e.g., domain-specific background
knowledge, or left to be uniform. The probability of a term given a field, P(t|f ),
is conveniently estimated using the background language model of that field, i.e.,
P(t|f ) ∼= P(t|fE ).

Table 3.6 presents an example of mapping probabilities computed using PRMS.
It is important to note that PRMS assumes a homogeneous collection where fields
can be characterized by distinctive term distributions, and works well only when
these conditions are met [27].

3.3.2.3 BM25F

The fielded variant of BM25, commonly referred to as BM25F, uses a weighted
variant of term frequencies:12

scoreBM25F(e;q) =
∑

t∈q

c(t;q)
(k1 + 1) c̃(t;e)

k1 + c̃(t;e) IEF(t) . (3.14)

12This version is according to Robertson and Zaragoza [63] and allows for field-specific b

parameters, as opposed to the simpler version in [64]. We kept the (k1 + 1) term in the numerator
to be consistent with Eq. (3.11).
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The weighted term frequencies are calculated as a linear combination of term
frequencies across the different fields, with field-specific normalization applied:

c̃(t;e) =
∑

f ∈F
αf

c(t;fe)

1 − bf + bf
lfe

lf

,

where c(t;fe) is the frequency of t in field f of entity e, αf are the field weights,
bf are the field length normalization parameters, and lf is the mean length of field
f across the entity catalog. Note that the IEF component in Eq. (3.14) does not use
field information.

3.3.2.4 Fielded Sequential Dependence Models

The main idea behind the fielded extension of SDM is to base the feature function
estimates on term/bigram frequencies combined across multiple fields, much in the
spirit of MLM and BM25F. Here, we present the fielded sequential dependence
model (FSDM) by Zhiltsov et al. [81], which combines SDM and MLM. Similarly,
SDM can also be combined with BM25F; for the BM25F-SD scoring function we
refer to Broder et al. [14].

As before, we need to define three feature functions: for single terms, ordered
bigrams, and unordered bigrams. For single term matches, we use the (log) MLM-
estimated probability:

fT (qi;e) = log
∑

f∈F
wT

f P(t|θfe ) .

The feature functions for unordered and ordered bigram matches are as follows:

fO(qi,qi+1;e) = log
∑

f ∈F
wO

f

co(qi,qi+1;fe) + μf Po(qi,qi+1|fE)

lfe + μf

,

fU (qi,qi+1;e) = log
∑

f ∈F
wU

f

cw
u (qi,qi+1;fe) + μf Pw

u (qi,qi+1|fE)

lfe + μf

.

Notice that the background models and smoothing parameters have all been made
field-specific. We can reasonably use the same smoothing parameter value for a
given field for all types of matches (i.e., μf does not have a superscript). With that,
FSDM will have 3 + 3 × |F | free parameters: λT , λO , λU , plus the field mapping
weights (wT

f ,wO
f ,wU

f ) for each field. Even with using only a handful of fields, this
results in a large number of free parameters.

Hasibi et al. [37] propose a parameter-free estimation of field mapping weights
by using field mapping probability estimates from PRMS, cf. Eq. (3.13). The same
estimation method can also be applied to ordered and unordered bigrams. In addition
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to reducing the number of free parameters to 3 (as only the λ weights will need to be
set now), employing the mapping probability P(f |.) comes with another important
benefit. Instead of using the same (fixed) weight w

{T ,O,U }
f for all terms/bigrams

within a field, the field mapping probability specifies field importance for each
term/bigram individually.

3.3.3 Learning-to-Rank

Learning-to-rank (LTR) approaches represent the current state of the art in doc-
ument retrieval (as well as for many other retrieval tasks) as they can effectively
combine a large number of potentially useful signals from multiple sources [42].
Their downside is that performance is heavily dependent on the amount of training
material available. The application of LTR to entity ranking goes as follows.

Each query-entity pair is represented as a feature vector, where features are
designed to capture different relevance signals. The optimal way of combining
these signals is then learned through discriminative training. The training data is
composed of a set of (entity, query, relevance) triples. From this data, a set of training
instances {(xq,e,rq,e)} is created, where xq,e ∈ Rm is an m-dimensional feature
vector representing the query-entity pair (q,e) and rq,e ∈ N is the corresponding
label indicating how relevant the entity is to the query. Relevance can be binary,
i.e., {0,1}, or graded, e.g., {0, . . . ,4}, representing the scale from non-relevant to
highly relevant. The objective is to learn a rankingmodel h(q,e) = h(x) that gives a
real-valued score to a given query-entity pair, or equivalently, to the corresponding
feature vector x. The scores assigned to each entity by the learned function then
determine the ranking of entities for the query.

There is a separate feature function φi(q,e) corresponding to each element of
the feature vector, i.e., xq,e = 〈φ1(q,e), . . . ,φm(q,e)〉. The performance of learning
highly depends on the choice of features (just like for any other machine learning
task). In fact, much of the focus in IR revolves around designing and selecting
effective features (a process commonly referred to as feature engineering), whereas
machine learning algorithms are applied out-of-the-box.

3.3.3.1 Features

Generally, three groups of features are distinguished:

• Query features depend only on the query and have the same value across all
entities for a given query. These are meant to help characterize the type of the
query.

• Entity features depend only on the entity and capture some aspect of its general
importance. Typically, these features are based on some indicator of “popularity,”
e.g., the total number of views, “likes,” incoming/outgoing links (possibly



3.3 Ranking Term-Based Entity Representations 83

Table 3.7 Term-based features for entity ranking

Group Feature Description

Q |q| Length of the query

Q
∑

qi
IEF(qi,f ) Sum IEF of query terms, computed w.r.t. field f

E lfe
Length of field f in the description of entity e

Q-E
∑

qi
TF(qi,fe) Sum TF of query terms for a given field

Q-E
∑

qi
TF(qi,fe)IEF(qi,f ) Sum TF-IEF of query terms for a given field

Q-E scoreLM(q;fe) LM score of query computed on field f

Q-E scoreMLM(q;e) MLM score of query (considering all fields)

Q-E scoreBM25(q;fe) BM25 score of query computed on field f

Q-E scoreBM25F(q;e) BM25F score of query (considering all fields)

Q-E scoreSDM(q;fe) SDM score of query computed on field f

Q-E scoreFSDM(q;e) FSDM score of query (considering all fields)

Q-E QCE(q,e) Whether the query contains the name of the entity

Q-E ECQ(q,e) Whether the name of entity contains the query

Q-E EEQ(q,e) Whether the name of entity is equal to the query

Group is either of query features (Q), entity features (E), or query-entity features (Q-E)

involving some propagation, like PageRank), etc. This group also includes simple
statistics about the entity’s representation, such as the number of terms in various
entity description fields. Notice that the values of these features would be the
same for all queries, thus we can think of this group of features as an estimate of
“how relevant the entity would be to any query.”

• Query-entity features are the largest and most important type of features, as they
capture the degree of matching between the query and the entity. Basic features
include (1) simple term statistics of query terms with some aggregator function
(min, max, or average) and (2) scores of unsupervised ranking algorithms applied
to different entity representations (i.e., fields). More complex features would
encompass the overall retrieval score computed by some entity retrieval method
(e.g., MLM, BM25F, or FSDM). Retrieval models can be instantiated with dif-
ferent parameter settings to generate multiple features (e.g., different smoothing
methods and parameters for languagemodeling approaches). Additionally, if user
feedback data is available, various click-based statistics for the query-entity pair
would also be incorporated under this feature group.

In this chapter we only consider term-based features, which are summarized in
Table 3.7. This selection (which is by no means complete) includes features that
have been proposed in the literature for document retrieval [20, 61] or entity
ranking [21, 50]. Note that the choice of fields F depends on the actual entity
representation (cf. Sect. 3.2); whenever we write f or fe in Table 3.7 it actually
implies |F | features, one for each field f ∈ F . In Chaps. 4 and 7, we will introduce
additional features that go beyond the term level.

Feature values are often normalized to be in the [0,1] range for a given query.
One simple technique to achieve that, without making any assumptions about how
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the values are distributed, is called min-max normalization:

x̃i = xi − min(x)

max(x) − min(x)
,

where x1, . . . ,xn are the original values for a given feature and for a given query,
and x̃i is the transformed feature value for the ith instance.

3.3.3.2 Learning Algorithms

When learning a ranking model from training data, the objective is to minimize the
expected value of some loss function. Ranking algorithms can be divided into three
categories based on the choice of loss function:

• Pointwise approaches consider a single entity at a time for a given query
and attempt to approximate the relevance value or label, independent of the
other candidate entities for that query. Many standard regression and classifi-
cation algorithms can be directly used for pointwise learning-to-rank. Random
Forests [13] and Gradient Boosted Regression Trees (GBRT, a.k.a. MART) [33]
are among the most widely used approaches.

• Pairwise approaches look at a pair of entities and try to learn a binary classifier
that can tell which of the two entities should be ranked first. The objective for
the ranker is to minimize the number of inversions in the ranking compared to
the ground truth. Commonly used pairwise algorithms include RankSVM [39],
RankBoost [32], RankNet [15], and GBRank [79].

• Listwise approaches are similar to the pairwise approach, but they aim to optimize
the ordering of the entire result list. Loss functions for listwise approaches tend to
get more complex compared to pointwise or pairwise approaches. Representative
listwise algorithms include Coordinate Ascent [53], ListNet [17], AdaRank [76],
LambdaRank [16], and LambdaMART [75].

3.3.3.3 Practical Considerations

Note that computing features for all query-entity pairs is not only computationally
prohibitive, but also unnecessary. For each query there is a small number of relevant
entities (compared to the total number of entities in the catalog). Therefore, it is
sufficient to consider only a sample of entities for each query. In practice, sampling
is typically performed by using an unsupervised model (e.g., LM or BM25) to
obtain an initial ranking and taking the top-k results. Features are computed only
for the set of “possibly relevant” entities that are identified in this first-pass (or
initial) retrieval round (both during training and when applying the model). The
final ranking for an unseen query is determined in a second-pass retrieval round,
by computing the features for the top-k initially retrieved entities and applying the
model that was learned on the training data. This essentially means re-ranking the
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initial results. “Minimizing the number of documents [entities] for which features
are calculated provides efficiency advantages, particularly if some features are
expensive to compute” [48]. The optimal value of k can vary greatly depending
on the task and the document collection; we refer to Macdonald et al. [48] for a
study on document retrieval. For ad hoc entity retrieval, k is typically set between
100 and 1000 [21, 37].

3.4 Ranking Entities Without Direct Representations

Up until this point, we have ranked entities by creating term-based representations
(entity descriptions) for them. We have further made the point, illustrated with
examples, that ready-made descriptions are available for many entities and creating
entity representations from these is straightforward. There are cases, however, when
creating explicit entity representations is not desired or simply not possible. An
example of such a scenario is an enterprise setting, where users may be permitted
only to access a certain subset of documents, based on their access levels. Creating
all entity descriptions for each individual user would be highly ineffective.

In this section, we will consider the retrieval process in a slightly different
way, in which entities are not modeled directly. Instead, documents are modeled
and queried, then entities associated with the top-ranked documents are considered
(hence this strategy has been termed document model in [1]). As before, we shall
assume that documents have been annotated with entities. Formally, the scoring of
entities is performed according to the following equation:

score(e;q) =
∑

d∈Dq

score(d;q) w(e,d) ,

where score(d;q) expresses the document’s relevance to the query and can be
computed using any existing document retrieval method (LM, BM25, SDM, etc.).
As before, w(e,d) is the association weight between entity e and document d (cf.
Eq. (3.4)). The summation is done over the set Dq , which contains all documents
that bear any relevance to the query q (i.e., score(d;q) >0). The efficiency of this
approach can be further improved by restrictingDq to the top-k relevant documents.
Finally, user permissions can be easily handled here by limiting Dq to documents
that the user is allowed to access. This general formalism encompasses all methods
that rank entities using documents returned by a document search engine, including,
e.g., Voting models [47].

An appealing feature of the document-based entity ranking method is that it
can be implemented with limited effort on top of an existing document search
engine; see Algorithm 3.1. Provided that associated entities can effectively be
looked up for each document (i.e., where w(e,d) > 0), the added overhead over
standard document retrieval is minimal. That lookup can be conveniently performed
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Algorithm 3.1: Document-based entity ranking
Input: query q, document-entity association weights w

Output: scoring of entities

1 score(d;q) ← perform standard document retrieval
2 Dq ← {d : score(d;q) > 0} /* may be further restricted */

3 score(e;q) ← 0 for all entities /* initialize entity scores */

4 foreach d ∈ Dq do
5 foreach e : w(e,d) > 0 do
6 score(e;q) ← score(e;q) + score(d;q)w(e,d)

7 end
8 end

using an inverted index structure (storing the associated entities, along with the
corresponding weights, for each document).

With mention-level entity annotations, a proximity-based variant is also possible
(even though an efficient implementation of that idea can be challenging). The
interested reader is referred to Balog et al. [2] for details.

3.5 Evaluation

The evaluation of ad hoc entity retrieval is analogous to that of ad hoc document
retrieval. Given a ranked list of items, the relevance of each item is judged with
respect to the input query (and independently of all other items). Various rank-based
measures can be used to measure how effective the system was at ranking results
for a given query; we present a number of such measures in Sect. 3.5.1. We note
that the main focus here is on effectiveness (i.e., the “goodness” of the ranking);
efficiency (i.e., how “quickly” it is done) will not be discussed. Over the past decade,
a number of evaluation campaigns have addressed the problem of entity ranking in
various flavors. A major focus of these efforts is to build reusable test collections to
facilitate further research and development. We review these benchmarking efforts
in Sect. 3.5.2.

3.5.1 Evaluation Measures

Evaluation is performed by using rank-based measures: average precision and
reciprocal rank in case of binary relevance assessments, and normalized discounted
cumulative gain in case of graded relevance judgments. Set-based measures may
also be used, specifically, precision at rank cutoff k, where k is typically small, i.e.,
P@10 or P@20. Below, we present the definitions of these measures. For an in-depth
treatment of evaluation measures and for guidance on how to conduct statistical
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significance testing, the reader is encouraged to consult any standard IR textbook,
e.g., Zhai and Massung [78, Chapter 9] or Croft et al. [26, Chapter 8].

Let us first consider the case of binary relevance, where Rel denotes the set of
relevant entities for a given query (with all entities outside Rel being non-relevant).
Let L = 〈e1, . . . ,en〉 be the ranked list of entities returned for a given query.
Precision at rank k (P@k) is the fraction of the top-k ranked results that are relevant:

P(k) = |{e1, . . . ,ek} ∩ Rel|
k

.

Average precision (AP) is computed by averaging the precision values from each
rank position where a relevant result was retrieved:

AP(L) = 1

|Rel|
n∑

i = 1
ei ∈ Rel

P(i) .

There are situations when there is only a single relevant result (e.g., the user searches
for a particular entity by its name). The reciprocal rank (RR) measure is defined as
the reciprocal of the rank position r at which the first relevant result was found: 1/r

(and 0 if no relevant result was retrieved).
In case of multi-level (or graded) relevance, we let ri be the relevance level

(“gain”) corresponding to the ith ranked entity, ei . The discounted cumulative gain
(DCG) of a ranking is defined as:

DCG(L) = r1 +
n∑

i=2

ri

log2 i
.

Each result’s gain is “discounted” by dividing it with the log of the corresponding
rank position. This way highly ranked results (which users are more likely to
inspect) contribute more to the overall score than lowly ranked results. Note that
DCG values vary depending on the number of relevant results. Normalized dis-
counted cumulative gain (NDCG) scales the score to the range [0,1] by computing:

NDCG(L) = DCG(L)

IDCG
,

where IDCG is the ideal DCG for a particular query: sorting entities in decreasing
order of relevance, and computing the DCG of that ranking. NDCG is often reported
at a given rank cutoff, e.g., NDCG@10 or NDCG@20.

All the above measures are computed for a single query. To summarize overall
system performance across a set of test queries, the average (arithmetic mean) over
the individual query scores is taken. For average precision and reciprocal rank, these
averagedmeasures are given a distinctive name,mean average precision (MAP) and
mean reciprocal rank (MRR), respectively.
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3.5.2 Test Collections

In IR, the use of test collections is the de facto standard of evaluation. A test
collection consists of (1) a dataset, (2) a set of information needs (i.e., queries
or topics), and (3) the corresponding relevance assessments (i.e., ground truth).
Large-scale test collections are typically developedwithin the context of community
benchmarking campaigns. The first of those benchmarks was the Text Retrieval
Conference (TREC), organized by the US National Institute of Standards and
Technology (NIST) in 1992 [72]. TREC operates on an annual cycle, completing
the following sequence each year:

1. TREC provides a test dataset and information needs. Traditionally, each infor-
mation need is provided as a topic definition, which consists of a query, which is
the input to the search engine, and a more elaborate description and/or narrative,
to guide human judges during the relevance assessment process.

2. Participants develop and run their retrieval systems on the test data and submit
their rankings. Typically, participants can enter multiple submissions (“runs”),
allowing for a comparison across different methods or parameter settings.

3. TREC pools the individual results, obtains relevance assessments, and evaluates
the submitted systems.

4. TREC organizes a conference for participants to share their experiences.

TREC has had, and continues to have, a profound impact on the IR community [66].
Also, the TREC campaign style has been followed by several other benchmarking
initiatives.

In this section, we present a number of benchmarking evaluation campaigns
that have addressed the task of entity ranking in some form. Each of these has
its peculiarities, and there are some fine details that we will omit here. As we go
through these efforts in chronological order, we invite the reader to observe how the
focus is shifting from unstructured to semi-structured and then to structured data
sources. Table 3.8 provides an overview. At the end of this section, in Sect. 3.5.2.7,
we introduce a derived test suite that combines queries and relevance assessments
from multiple benchmarking campaigns.

3.5.2.1 TREC Enterprise

The TREC (Text Retrieval Conference) 2005–2008 Enterprise track [8, 25] featured
an expert finding task, where a single type of entity was sought: people, who are
experts on a given topic (specified by the query). The task is situated in a large
knowledge-intensive organization, such as the World Wide Web Consortium (W3C)
or the Commonwealth Scientific and Industrial Research Organisation (CSIRO).
The document collection is the enterprise’s intranet and people are uniquely
identified by their email addresses. While a small number of people have personal
homepages, the vast majority of persons are not represented as retrievable units.



3.5 Evaluation 89

Table 3.8 Entity retrieval test collections

Campaign, track/task Entity ID Data collection Query type #Queries

INEX XER 2007 [73] Wikipedia page Wikipedia Keyword++ 28+46

INEX XER 2008 [30] Wikipedia page Wikipedia Keyword++ 35

INEX XER 2009 [29] Wikipedia page Wikipedia Keyword++ 55

TREC Entity 2009 REF [9] Homepage(s) Web (ClueWeb09B) Keyword++ 20

TREC Entity 2010 REF [6] Homepage(s) Web (ClueWeb09) Keyword++ 47

TREC Entity 2010 ELC [6] URI Linked Data (BTC-2009) Keyword++ 14

TREC Entity 2011 REF [7] Homepage(s) Web (ClueWeb09) Keyword++ 50

TREC Entity 2011 ELC [7] URI Linked Data (Sindice-2011) Keyword++ 50

SemSearch 2009 ES [36] URI Linked Data (BTC-2009) Keyword 92

SemSearch 2010 ES [10] URI Linked Data (BTC-2009) Keyword 50

SemSearch 2010 LS [10] URI Linked Data (BTC-2009) Keyword 50

INEX LD 2012 Ad Hoc [74] Wikipedia page Wikipedia-LOD (v1.1) Keyword 100

INEX LD 2012 Ad Hoc [35] Wikipedia page Wikipedia-LOD (v2.0) Keyword 144

QALD-1 [43] URI DBpedia (v3.6) Natural lang. 50+50

QALD-2 [43] URI DBpedia (v3.7) Natural lang. 100+100

QALD-3 [23] URI DBpedia (v3.8) Natural lang. 100+99

QALD-4 [69] URI DBpedia (v3.9) Natural lang. 200+50

QALD-5 [70] URI DBpedia (2014) Natural lang. 340+59

QALD-6 [71] URI DBpedia (2015) Natural lang. 400+150

DBpedia-Entity [4] URI DBpedia (v3.7) Mixed 485

DBpedia-Entity v2 [38] URI DBpedia (2015-10) Mixed 467

Keyword++ refers to queries that are enriched beyond the query string. The last column shows the number
of test queries; when training queries are also provided, we use the syntax x+y, where x and y are the number
of training and test queries, respectively

Two principal approaches to expert finding were proposed early on [1], which laid
the foundations for much of the research we presented in this chapter: (1) profile-
based models (building term-based entity representations, cf. Sect. 3.2) and (2)
document-based models (ranking entities without building explicit representations,
cf. Sect. 3.4). Given the specialized nature of the expert finding task (i.e., entities
being restricted to a single type), we do not include the TREC Enterprise test
collections in Table 3.8. For an overview of work on the broader subject of expertise
retrieval, we refer to Balog et al. [3].

3.5.2.2 INEX Entity Ranking

The INEX (Initiative for the Evaluation of XML Retrieval) 2007–2009 Entity
Ranking (XER) track [29, 30, 73] used Wikipedia as the data collection, where
entities are represented and identified uniquely by their corresponding Wikipedia
article. Two tasks are distinguished: entity ranking and list completion. Both tasks
seek a ranked list of entities (e.g., “olympic classes dinghy sailing” or “US presidents
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since 1960”), but the input formulations differ. In addition to the free text query, the
topic definition includes target entity types (Wikipedia categories) for the entity
ranking task and a small set of example entities for the list completion task. As
such, we have an enriched keyword++ query as input. Mind that in this chapter, we
have only considered the keyword part of queries. Techniques for exploiting those
additional query components (target types or example entities) will be discussed in
Chap. 4.

The 2007 test collection [73] consists of 46 queries; additionally, a set of 28
training queries was also made available to participants. Twenty-five of the test
queries are created specifically for XER. The rest (including all training queries) are
derived from the INEXAd Hoc track and have a different interpretation of relevance
(e.g., for the query “Bob Dylan songs,” articles related to Bob Dylan, The Band,
albums, cities where Bob Dylan lived, etc., are also considered relevant). Because
of that, most (but not all) of these ad hoc topics were re-assessed as XER topics. As
pointed out by de Vries et al. [73], “often surprisingly many articles that are on topic
for the ad hoc track are not relevant entities.” One particular example is list pages,
which are not entities, and therefore are not considered as relevant entity results.

For the 2008 edition [30], 35 genuine XER topics were created. The 2009
track [29] switched to a newer Wikipedia dump and considered a set of 60 queries
from the previous 2 years. All these queries were re-assessed, and the ones with
too few (less than 7) or too many (more than 74) results were removed, leaving 55
queries in total.

3.5.2.3 TREC Entity

The TREC Entity track was launched in 2009 [9] with the aim to perform entity-
oriented search tasks on the Web. The track introduced the related entity finding
(REF) task, which asks for entities of a specified type that engage in a given
relationship with a given source entity. This particular problem definition was
motivated by the fact that many entity queries could have very large answer sets
on the Web (e.g., “actors playing in hollywood movies”), which would render the
assessment procedure problematic. In the first edition of the track, possible target
entity types were limited to three: people, organizations, and products. An example
query is “airlines that currently use Boeing 747 planes,” where Boeing 747 is the
input entity and the target type is organization. Here, we consider only the free
text part of the query; the input entity and target type may be viewed as semantic
annotations (keyword++), which we will exploit in Chap. 4. The data collection is a
web crawl (ClueWeb09B) and entities are identified by their homepages (URLs).
An entity might have multiple homepages, including its Wikipedia page. Entity
resolution, i.e., grouping homepages together that represent the same entity, was
addressed at evaluation time.

In 2010 [6], a number of changes were implemented to the REF task. First, the
document collection was extended to the English portion of ClueWeb09 (approx.
500 million pages). Second, Wikipedia pages were no longer accepted as entity
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homepages (to make the task more challenging), and the notion of entity homepage
was made more precise by making a distinction between primary and relevant
entity homepages. Third, a new task, entity list completion (ELC) was introduced.
It addresses essentially the same problem as REF, but there are some important
differences: (1) entities are represented by their URIs in a Linked Data crawl (BTC-
2009, cf. Sect. 2.3.6.1), (2) a small number of example entities are made available,
and (3) target types are mapped to the most specific class within the DBpedia
Ontology. A subset of the 2009 REF topics were recycled, with previously identified
relevant entities manually mapped to URIs in BTC-2009 and given out as examples.

The 2011, final edition of the track [7] made some further changes to the REF
task, including that (1) only primary entity homepages are accepted (i.e., relevance
is binary) and (2) target type is not limited anymore. For the ELC task a new
larger Semantic Web crawl, Sindice-2011, was introduced (cf. Sect. 2.3.6.1), which
replaced the BTC-2009 collection. The task definition remained the same as in 2010,
but only ClueWeb homepages were provided for example entities and these were
not mapped manually to Linked Data URIs. The REF 2010 topics were reused and
known relevant answers were offered as example entities. Additionally, a Linked
Data variant of the REF task (REF-LOD) was also proposed, using URIs instead of
homepages for entity identification; this variant of the task, however, attracted little
interest among participants.

3.5.2.4 Semantic Search Challenge

The Semantic Search Workshop series organized a challenge (SemSearch) in 2010
and 2011 [10, 36], sponsored by Yahoo!, where participants were required to answer
ad hoc entity search queries over structured data collected from the Web (i.e.,
Linked Data). Entities are identified by their URIs. The dataset is BTC-2009, which
combines the crawls of multiple semantic search engines (cf. Sect. 2.3.6.1). Two
separate search tracks are distinguished. Entity search queries (2010 and 2011) seek
information on one particular entity, e.g., “YMCA Tampa” or “Hugh Downs.” The
target entity is often an ambiguous one, e.g., “Ben Franklin,” which may refer to
the person or to the ship named after him. These queries were sampled from web
search engine logs. List search queries (2011 only) describe sets of entities, where
target entities are not named explicitly in the query. Examples include “Arab states
of the Persian Gulf ” and “Matt Berry tv series.” These queries were created by the
challenge organizers.

Relevance assessments for both tracks were gathered via crowdsourcing. We
note that unlike TREC and INEX practice, assessors for the entity search track
were presented only with the keyword query (without a more detailed description
of the underlying information need). For list search queries, crowd workers were
additionally provided with the reference list of correct answers (obtained through
manual searching by the organizers). In follow-up work, Blanco et al. [11] showed
that crowdsourced judgments are repeatable (i.e., using a different pool of judges 6
months later led to the same evaluation results) and reliable (even though crowd



92 3 Term-Based Models for Entity Ranking

workers mark somewhat relevant many of the items that expert judges would
consider irrelevant, this does not change the relative ordering of systems).

3.5.2.5 INEX Linked Data

In 2012, INEX introduced the Linked Data track [74] with the aim to investigate
retrieval techniques over a combination of textual and highly structured data. The
data collection consists of Wikipedia articles, enriched with RDF properties from
knowledge bases (DBpedia and YAGO2). Relevant to this chapter is the classic ad
hoc task, where information needs are formulated using keyword queries. Results
are Wikipedia articles, each uniquely identified by its page ID. Queries come from
three main sources: (1) a selection of the worst performing topics from past editions
of the INEX Ad Hoc track, (2) query suggestions related to some general concepts,
obtained from Google (e.g., queries generated for “Vietnam” include “vietnam war
movie,” “vietnam food recipes,” and “vietnam travel airports”), and (3) natural
language Jeopardy-style questions (e.g., “Niagara Falls source lake”). Assessments
for (1) were taken from previous INEX editions; for (2) and (3) they were collected
using crowdsourcing.

The 2013 edition of the track [35] changed the format of the reference collection
and employed newer data dumps. The 2013 query set is a combination of (1) INEX
2009 and 2010 Ad Hoc topics and (2) natural language Jeopardy topics. As before,
assessments were taken over from the previous years, for (1), and were collected
using crowdsourcing, for (2).

3.5.2.6 Question Answering over Linked Data

Question Answering over Linked Data (QALD) is a series of evaluation campaigns,
co-located with the European Semantic Web Conference (ESWC), on answering
natural language questions over Linked Data [43]. Questions are of varying
complexity and ask either for literal answers (Boolean, date, number, or string),
e.g., “How many students does the Free University in Amsterdam have?” or for
a list of resources, i.e., entities (identified by URIs), e.g., “Which presidents of the
United States had more than three children?” Note that for us, questions of the latter
type (seeking entities) are of particular interest. A gold standard SPARQL query
was constructed manually for each question; the results of that query constitute the
ground truth against which systems are evaluated.

The first instantiations of the challenge focused on answering English language
questions from a single knowledge base, in particular DBpedia and MusicBrainz
(a collaborative open-content music database). Later installments of the challenge
focused on multilingual question answering (from QALD-3), extending the task to
multiple, interlinked datasets (from QALD-4), hybrid question answering, which
require information from both structured data and unstructured data (from QALD-
4), and statistical question answering over RDF data cubes (QALD-6). Table 3.8
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Table 3.9 Breakdown of the
DBpedia-Entity v2 test
collection [38] by query
categories

Category Type #queries R1 R2

SemSearch ES Named entities 113 12.5 3.0

INEX-LD Keyword queries 99 23.5 9.2

ListSearch List of entities 115 18.1 12.7

QALD-2 NL questions 140 28.4 29.8

Total 467 21.0 14.7

R1 and R2 refer to the average number of relevant and highly
relevant entities per query, respectively

shows, for each QALD edition, the total number of questions for all tasks (including
hybrid QA), where DBpedia is used as the underlying knowledge base.

3.5.2.7 The DBpedia-Entity Test Collection

Balog and Neumayer [4] compiled the DBpedia-Entity test collection by synthesiz-
ing queries from a number of the above-presented benchmarking campaigns into a
single query set and mapping known relevant answers to the DBpedia knowledge
base. This amounts to a diverse query set ranging from short keyword queries
to natural language questions. As part of the normalization, only the free text
parts of queries are considered. That is, any additional markup, type information,
example entities, etc., that may be available in the original task setup are ignored
here. Further, relevance is taken to be binary. DBpedia-Entity has been used
in recent work as a standard test collection for entity retrieval over knowledge
bases [21, 44, 56, 81].

Recently, Hasibi et al. [38] introduced an updated and extended version, referred
to as theDBpedia-Entity v2 test collection. It uses a more recent version of DBpedia
(2015-10) and comes with graded relevance judgments. Relevance assessments
were collected via crowdsourcing and were then further curated manually by expert
annotators, resulting in a high-quality dataset. Queries are further subdivided into
four categories, with statistics presented in Table 3.9:

• SemSearch ES queries are from the Semantic Search Challenge, searching for a
particular entity, like “brooklyn bridge” or “08 toyota tundra.”

• INEX-LD consists of IR-style keyword queries from the INEX 2012 Linked Data
track, e.g., “electronic music genres.”

• List Search comprises queries from the Semantic Search Challenge (list search
task), the INEX 2009 Entity Ranking track, and the TREC 2009 Entity track,
seeking a list of entities, e.g., “Professional sports teams in Philadelphia.”

• QALD-2 contains natural language queries that are from the Question Answering
over Linked Data challenge, e.g., “Who is the mayor of Berlin?”
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3.6 Summary

This chapter has introduced techniques for ranking entities in various datasets,
ranging from unstructured documents to structured knowledge bases. Most of our
effort has concentrated on constructing term-based representations of entities, which
can then be ranked using traditional document retrieval techniques. Despite their
simplicity, unstructured entity representations with bag-of-words retrieval models
usually provide solid performance and a good starting point. The current state of the
art is to employ fielded entity representations and supervised learning. According to
a recent benchmark, this can yield a moderate, around 10%, relative improvement
over unstructured and unsupervised models when entity retrieval is performed over
a knowledge base [38]. Much larger differences can be observed across different
query types. Queries seeking a particular entity are today tackled fairly successfully,
while the same models perform 25–40% worse on more complex queries, such
as relationship queries or natural language questions. Clearly, there is room for
improvement, especially on the latter types of queries. Generally, careful data
cleansing and pre-processing accounts for more than more sophisticated retrieval
methods [55]. This is not surprising, as this likely applies to most information
processing applications. There is no universal recipe—every collection has to be
dealt with on a case-by-case basis.

Crucially, we have not really tapped into any specific characteristic of entities
yet, such as types or relationships. That will follow in the next chapter.

3.7 Further Reading

In this chapter, we have limited ourselves to using “flat structures,” i.e., entity fields
are treated as a set, without taking into account the hierarchical relationships that
may exist between them. Hierarchical structures have been studied in the context
of element-level XML retrieval, see, e.g., [45, 58]. Neumayer et al. [54] consider
hierarchical field structures for entity retrieval, but according to their experiments,
these do not yield any performance improvements over flat structures. The different
types of entity representation we have looked at in this chapter were built from a
single type of data: unstructured, semi-structured, or structured. It is also possible
to construct hybrid representations. For example, Graus et al. [34] combine various
entity description sources, including a knowledge base, web anchors, social media,
and search queries. Ranking without direct entity representations is also feasible, as
we have discussed in Sect. 3.4. Schuhmacher et al. [68] implement this document-
based strategy in a learning-to-rank framework and employ four types of features:
mention, query-mention, query-entity, and entity-entity.
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