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Abstract—The use of semantics for various search tasks and the topic known as semantic search formed around it have
attracted attention from researchers in many different communities and stirred up commercial expectations and interests.
Because this topic is studied by different communities from different viewpoints, a wide range of semantic search solutions
have been proposed. They greatly vary in the data, the semantic resources, the information needs and the querying paradigms
that are supported, as well as the many search subproblems they focus on, from the interpretation of query inputs and data
to the matching of query intent against data up to the ranking of results. Along these aspects, we present a systematic survey
to provide a taxonomy of various semantic search approaches to reflect on the achievements that have been made over these
years and to identify directions for future research.
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1 INTRODUCTION

Advancements in search technologies enable users to
deal with and to exploit the ever increasing amount of
information that we can find in different settings – from
the personal desktops to enterprises’ databases up to the
large-scale Web. As opposed to the structured querying
capabilities commonly provided by commercial databases
that are only accessible by experts, search is rather un-
derstood as an end-user oriented paradigm that is based
on intuitive interfaces and access mechanisms. Solutions
that are widely used especially on the Web are based on
keyword search or natural language (NL) interfaces. While
they are easy to use, the inputs provided by users through
these interfaces are ambiguous and do not precisely capture
the underlying information need (query intent). Further, in
most search scenarios not only the query, but also the data
representation is lacking precise structure and semantics.
Accordingly, the core problems to be addressed in search
are (1) to understand the query intent and the data, (2) to
match query against data, and (3) to rank results.

Modern search engines are efficient in retrieving docu-
ments (Web pages in the case of Web search) from large
collections based on matching the text of the user’s query
with the textual content of the document or the words used
to label the links to the document (anchor text). These
textual clues are often combined with additional features
that measure the popularity of results based on usage data
(click-log data) or using metrics computed on the web
graph such as PageRank and its derivates. In combination,
these relatively simple, but scalable techniques for matching

and ranking are able to address a large fraction of common
information needs. They work particularly well when the
user is able to explicitly name the target of the query,
this reference is unambiguous and refers to a popular item
widely referred to with that name. An example is a product
search, where the user enters the name of the product and
that product is widely known by that name, e.g “canon ixus
115”, a digital camera.

1.1 Unsolved Queries

While search engines have been effective in addressing
common needs, most queries are still in the “long tail” of
Web query logs. Baeza-Yates et al. report that even when
taken a full year of query logs 88% of the unique queries
are singleton queries, i.e. appear only once in the year
[1]. This variety also comes from syntactic variations of
the same popular need and can be addressed with spell-
corrections and query suggestion techniques. However, the
remaining queries are less common. They refer to less pop-
ular needs that can not be easily addressed by popularity-
based ranking (due to the sparsity of signals). In particular,
these two cases still remain challenging for state-of-the-art
search systems:

Ambiguous Queries: Ambiguous queries arise naturally
when the user may not be able to name precisely the item
that is sought. Coming back to the example of product
search, a user who is in the early stages of selection may
not know exactly which product to look for. In this case, the
user may name one or two characteristics of the product,
such as “cheap digital camera”. The concept of digital
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camera covers a broad range of actual entities, and there
might be some discussion as to which of these can be
considered cheap.

Complex Queries: We include in this class all queries
that go beyond a reference to a single named entity, and
involve several entities and relationships between them.
These queries arise again when the user does not know the
answer to a question and therefore has to describe the item
sought and its relationships to other items that he or she can
name. For example, searching for this paper by the name
of the second author is relatively straightforward. However,
assuming the user does not know (or do not remember) the
name, he or she might look for a “semantic search survey
paper written by a young researcher at yahoo”.

Clearly, these two categories represent orthogonal as-
pects, namely the ambiguity of query terms and the com-
plexity of the intended information need. Many queries
in the long tail are both ambiguous and complex. They
are characterized by the requirement for a higher level
understanding of the meaning of the query and data than
the level of keywords.

1.2 Semantic Resources

While the above problems are not new, the renewed
interest in trying to address them can be explained by the
increasing availability of semantic resources in terms of
document annotations (also called metadata), large datasets
and schemas. Many semantic search systems have emerged
specifically to exploit these resources. Thesauri and par-
ticularly schemas capture semantics that can be used to
understand the query and data and to resolve ambiguities.
Instead of returning textual data (Web pages, documents),
precise facts capturing entity related information and their
relationships can be directly retrieved from semantic an-
notations and data to provide direct answers to complex
queries. Here we review the main trends that have led to the
availability of semantic resources, and we return to describe
their types in more detail in Section 5.

Semantic Annotations: These resources are available in
increasing amounts due to advances in both Information
Extraction (IE) and the adoption of standard formats for
annotating documents. IE technology is particularly adept
at extraction from large sites on the Web, where the
investments in creating training data for supervised methods
of learning extractors (e.g. wrapper induction) pay off
quickly. On the other hand, publishers are increasingly
motivated by search engine providers to create explicit
semantic annotations. Semantic annotations in this case
are embedded inside HTML pages using standards such as
RDFa (a W3C standard 1 for embedding RDF data in Web
pages), microformats or microdata. As a result of active
adoption and support from Web search engines providers
such as Google and Yahoo!, 10 percent of all Web pages are
estimated to contain some form of semantic data markups
such as RDFa [2].

1. http://www.w3.org/TR/xhtml-rdfa-primer/

Semantic Data: Complementary to these efforts, the
Linking Open Data 2 movement that has emerged in recent
years facilitated the process of publishing entire datasets on
the Web. Large structured datasets that have been formerly
kept in closed databases are now exposed as publicly Web-
accessible RDF data also called semantic data. (For a list of
datasets, see the Linked Data 3 community site or the Data
Hub 4 maintained by CKAN.) This method of publishing is
often used in the area of the sciences and the government
where data is in the public domain. Altogether, the Linked
Data cloud is difficult to estimate in size but it contains
billions of triples 5.

Schemas: Basically, a schema represents the vocabulary
and the meaning of terms that are used to capture data. For
making data available on the Web, publishers can use their
own schemas to publish their data. An approach, which
facilitates a shared understanding of the data and its usage,
is for publishers and consumers to agree on certain schemas
and reuse them whenever possible. A recent example of this
effort is the schema.org collaboration between the main
search engine providers (currently, Bing, Google, Yahoo
and Yandex). Schema.org provides a set of schemas for
common types of objects on the Web, such as places,
people, organizations, reviews, recipes etc.

1.3 Commercial Interest

Capitalizing on the opportunities that arise from the al-
ready large and increasing amount of semantic resources on
the Web, commercial search engines have shown increasing
interest in semantic search. To call out some examples, one
of the first commercial search engines to employ semantic
analysis was Powerset 6, which makes use of semantic data
extracted from Wikipedia to answer complex questions.
Yahoo! has pioneered the use of semantic annotations
in Yahoo! SearchMonkey, which has been experimentally
proven to help users judge the relevance of search results
[3]. The same method is also used by Google to provide
rich result snippets 7. Google also acquired Metaweb, the
makers of Freebase, and widely published its intent to
employ semantic search technology more extensively in the
future 8.

1.4 Research fragmentation

Despite the commercial interest, the research effort in
semantic search has been hampered by the lack of dissemi-
nation across research fields. As we will show in our survey,
a wide range of semantic search approaches have been
proposed by researchers from different communities, in-
cluding Databases, Information Retrieval (IR) and Semantic

2. http://www.w3.org/wiki/SweoIG/TaskForces/CommunityProjects/
LinkingOpenData

3. http://linkeddata.org/
4. http://thedatahub.org/
5. http://stats.lod2.eu/
6. http://en.wikipedia.org/wiki/Powerset (company)
7. http://www.google.com/webmasters/tools/richsnippets
8. http://on.wsj.com/w7OPag
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Web. Correspondingly, semantic search has been viewed
from different angles, resulting in a plethora of solutions.
Existing approaches greatly vary in (1) the data, (2) the
semantic resources, (3) the information needs and (4) the
querying paradigms that are supported. Further, research
work found in literatures often studies one of the specific
(5) subproblems in search: namely, different concepts and
techniques have been proposed for (5a) the interpretation
of query inputs and data, (5b) matching the query intent
against data and (5c) ranking results.

Our work unifies the research field of semantic search by
determining the key areas of research, identifying the key
contributions independent of the field in which they were
published and placing them in a unified framework.

There are few studies in related work that compare
different approaches to semantic search [4], [5]. How-
ever, this line of work focuses on the differences in
querying paradigms. In a step towards a classification of
semantic search approaches, Mangold discusses existing
solutions along the dimensions of architecture, coupling,
transparency, user context, ontology structure and ontology
technology [6]. The last two criteria basically capture the
differences in semantic resources among existing systems,
which are also discussed in our study. In addition to query
paradigms and semantic resources, our study includes the
aspects of data, information needs, and provides a fine-
grained taxonomy that distinguishes approaches by the
subproblems in search they addressing. Further, whereas
the previous survey [6] focuses on document retrieval, our
study aims at a unified view of document and data retrieval
approaches from the major communities of IR, Database
and Semantic Web. In particular, we cover a large body of
recent work that is not part of that previous survey.

1.5 Outline
The paper is organized as follows. An overview of

semantic search and the concepts it entails is presented in
Section 2. Then, the paper is organized mainly along the
aspects based on which we distinguish different semantic
search approaches. Namely, different types of information
needs, querying paradigms, data and semantic resources
are presented in Section 3, 4, 5 and 6. Then approaches
are discussed along the subproblems of data interpretation,
query interpretation, matching and ranking in Section 7, 8, 9
and 10. After that, we present the main types of semantic
search approaches and discuss their performances in Sec-
tion 11, before we finally conclude in Section 12.

2 SEMANTIC SEARCH

Search can be characterized by three components,
namely the data, the query and the matching framework
for computing results from the data for a given query.
This is illustrated in the left portion of Fig. 1. One main
characteristic of search concepts is their emphasis on end
users. That is, search typically involves intuitive interfaces
targeting users, who may not possess knowledge about the
domain, the data and structured query languages. The query

Query

Semantics 

of Query

Semantics 

of Data

Interpretation

Matching & Ranking Semantics

Data

of Data

Interpretation

Fig. 1: Semantic search.

inputs that can be obtained from these interfaces are often
ambiguous. They allow for many possible interpretations,
which in turn, yield many possible results that vary in
relevance w.r.t. the query intent. Ranking is an essential
component in search that aims to address this, i.e. to
distinguish results in terms of relevance. Matching can
be conceived as the task of identifying matches whereas
ranking is more specifically about the degree of matching.

Semantic search is a concept widely used by different
communities to refer to search approaches that broadly
speaking, use semantics to improve the search experience.
Considering the core search tasks, semantics has been used
to obtain a better understanding of the data and query as
well as to improve matching and ranking based on that
(see Fig. 1). There exist different notions of semantics. One
the one hand, there are proposals for exploiting the hidden
or implicit semantics of words based on their usage. This
may be captured as latent concepts (e.g. inferred through
Latent Semantic Indexing [7]) or latent topics (e.g. inferred
through Latent Dirichlet Allocation [8]). While these mod-
els only implicitly capture the semantics in terms of some
latent, unknown dimensions, there are also explicit models
of semantics. For instance, Explicit Semantic Analysis
uses Wikipedia articles, categories, and relations between
articles to capture semantics in terms concepts, which are
then used for concept-based IR [9]. Other explicit models
of semantics (henceforth called semantic models) include
thesauri, the terminological part (Tbox) of ontologies and
schemas. While these models capture semantics at the
conceptual level, there are also semantic data capturing
the semantics of individual entities. To accommodate the
wide range of semantic search approaches that exist, we
formulate the following general notion of semantic search:

Definition 1: Semantic search is a search paradigm that
makes use of explicit semantics to solve core search tasks,
i.e. to use semantics for interpreting query and data, match-
ing query against data and ranking results.

While all semantic search approaches involve some kinds
of explicit semantics, the retrieval contexts and the specific
semantic models used to deal with the meaning behind the
query intent and data vary. In particular, we identified the
following aspects, based on which we will characterize and
distinguish existing solutions:
• the type of targeted information needs,
• the representation of information resources (data),
• the representation of the information need (query) or
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respectively, the underlying method for querying the
data (querying paradigms),

• the semantic models used to understand and to repre-
sent the meaning behind query and data,

• the framework for matching queries against data,
which also involves interpreting the data and query
intent as well as ranking the results.

Fig. 2 illustrates the specific differences in queries, data,
semantics, results (corresponding to information needs)
and solutions for the subproblems that distinguish exist-
ing semantic search approaches. We can see that central
to semantic search is the use of semantics (depicted as
gray boxes in Fig. 2). In particular, semantic resources
represented by lexical models, knowledge models as well as
semantic data and metadata are used for the subproblems of
understanding raw data (e.g. text) and queries. The resulting
semantics of data and queries are then employed for solving
the subproblems of matching and ranking.

3 INFORMATION NEEDS

The main motivation for semantic search is to go beyond
the relatively frequent but simple queries currently sup-
ported by existing Web search solutions to solve the long-
tail queries representing rather complex information needs.
But also for simple queries, semantic data have proven to
be valuable. Instead of showing documents, semantic data
are used by commercial Web search engines to create rich
snippets for Web pages, or to deliver direct answers, e.g
a specific address for a query mentioning “location” and a
named entity such as “Yahoo! Research Lab Barcelona”.

3.1 Entity Search
Most queries on the Web ask for pages representing

entities such as companies or people. They are used to
obtain entry points, while additional navigation and brows-
ing are still required to satisfy the actual information need.
Thus, in the IR context, these queries are also referred to
as navigational queries. Recently, semantic data embedded
in Web pages have been exploited to address this type of
queries, e.g. in producing richer search result presentations.
As an example, Fig. 6 illustrates the entity search func-
tionalities provided by a modern search engine, Yahoo!
Search. Besides individual Web pages shown as results,
there are also entity descriptions displayed in separate
information boxes. These descriptions are directly retrieved
from semantic data (in this case, a dataset about music
artists and their albums). Semantic search engines such as
Falcons [10] and Sig.ma [11] use semantic data only, and
return entity descriptions in RDF as results. An example
query is “Researcher Thanh Tran” depicted in the top left
portion of Fig. 5. Results for queries of this type comprise
one or several entities.

3.2 Factual Search
While results to the previous type of queries presented

to the users are either some entity descriptions or Web

pages about entities, the information needs behind this type
of search requests require specific information from these
descriptions and pages, respectively. Many searches on the
Web for instance, aim at finding the ratings of restaurants,
or the phone number of a particular person. Direct answers
to this type of queries in the form of facts are supported
by WolframAlpha 9 and True Knowledge 10, or the various
research prototypes such as Hermes [12] (later incorporated
into a larger system called SemSearchPro [13]). Since
factual search is mostly about facts that correspond to
attribute values of entities, it is often regarded as a particular
type of entity search. In this survey, we do not further
distinguish this from the general entity search task.

3.3 Relational Search
The information need here goes beyond single entities

and their factual information. Answers to queries of this
type comprise several entities and relations between them.
Hence, processing these queries requires some understand-
ing of relations between entities. For instance, the example
presented in the introduction about semantic search surveys
requires knowledge about the written by relation be-
tween papers and researchers. Relations may be explicitly
specified as part of the keyword or NL query, and entities
satisfying these relation constraints can be computed using
SemSearchPro [13] or AquaLog [14].

Other systems such as NAGA [15] also support searches
where relations to be considered are not explicitly men-
tioned in the query, or simply unknown. They address
information needs that involve finding how some entities
are related to some other entities. The interesting part of
the results here are thus not the entities, but the relationships
between them – also referred in literatures as semantic asso-
ciations (direct connection) or property sequences (indirect
connections, i.e. path) [16]. An example for this type of
query asking for paths between “Peter Mika” and “Thanh
Tran” is depicted in the top right portion of Fig. 5.

Searching for known relations or unknown relations is
supported by the Information Workbench 11, a commercial
adoption of SemSearchPro. On the bottom part of Fig. 4,
we can see results returned to a query that specifically
asks for entities connected through the producer relation.
When relations are not explicitly given in the query but
only entities and (or) concepts, this system is also able to
explore paths between them. However, this system does
not directly return relationships and paths in the data as
results, but structured queries representing interpretations
of the entered keywords – a querying paradigm we will
discuss in the next section.

3.4 Analytical Search
Beyond the common searches for entities and relations,

which form the focus of this survey, there are also infor-
mation needs, which can only be addressed when some

9. http://www.wolframalpha.com/
10. http://www.trueknowledge.com/
11. http://iwb.fluidops.com
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Fig. 2: Overview of semantic search approaches.

Fig. 3: Entity search with Yahoo!.

additional analyses are performed on top of the data.
Generally speaking, any kind of additional computation
may be applied to the data and results for the purpose of
analytical search. Analytics often found in semantic search
engines are supported through simple sorting and averaging,
more sophisticated statistical and mathematical models, or
some form of Machine Learning (ML) based inductive
reasoning or logic-based deductive reasoning. For instance,
WolframAlpha is advertised as a computation engine be-
cause it applies different kinds of mathematical models to
compute answers to queries, whereas True Knowledge uses
an inference engine to perform temporal and geospatial
reasoning.

4 QUERYING PARADIGMS

Typically, addressing complex needs requires the exper-
tise of technical users who know the underlying data and
schemas and use them to formulate questions as structured

queries. However, as an end-user oriented paradigm, search
requires more intuitive and easy-to use access interfaces.

4.1 Keyword Search
Expressing the information needs as keywords is a

paradigm that is not only popular for Web search but
also widely adopted by the new breed of semantic search
solutions. Most engines focusing on entity search such as
Falcons [10] and Sig.ma [11] feature a keyword search
interface. Keywords can also be used to formulate more
complex relational searches. Addressing this scenario, en-
gines such as SemSearchPro [13], TASTIER [17] and
IBM’s AVATAR [18] retrieve entities matching keywords,
and search for relations between them in the data.

4.2 NL Search
Complete natural language questions and statements are

a natural paradigm for users to express themselves fully
in their own words. Traditionally, it has been used to pose
complex questions against expert systems built for specific
domains. Recently, NL interfaces have proven to be also
applicable and useful for the multiple domains setting and
especially for Web search – as demonstrated by commer-
cial engines such as WolframAlpha, True Knowledge and
Apple’s Siri 12.

4.3 Faceted Search
Instead of formulating the entire query at once, faceted

search supports an iterative process of querying, browsing
and query refinement. This belongs to the broader category
of approaches called exploratory search, which assumes
that users do not precisely know how or what to search
and thus, combines querying and browsing strategies to

12. http://en.wikipedia.org/wiki/Siri (software)
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enable learning and investigation. Upon the initial search
performed by the user (e.g. using keyword search), faceted
search systems [19], [20] present results as well as facets
representing attributes and relations that are applicable for
refining (or simply, are related to) the current results. These
facets can then be used to browse, to refine or to expand the
results (i.e. to modify the query, respectively). Microsoft’s
EntityCube 13 for instance, returns entities upon users’
keyword search requests along with relations of these entity
results as facets.

While most faceted search solutions focus on browsing
and refining results of entity queries, faceted search in
principle can also be used to address complex needs. For
instance, gFacet [20] supports relational search through the
construction of complex facet graphs representing different
types of entities and relations between them. Fig. 4 shows
the faceted search feature from the Information Workbench.
Every column in the result table captures one particular
type of entities and this system shows facets for every type
that appears in the results (e.g. Fig. 4 shows facets for
column 1). Hence, entries in every column (representing a
partial result and a query part, respectively) can be refined
or expanded. For instance, the column of singles shown in
Fig. 4 can be further refined to contain only those connected
with Freddie Mercury through the writer relation.

4.4 Iterative / Exploratory Search

While faceted search is the most popular paradigm in
the industry, there are other exploratory search interfaces
that support an iterative search process. Instead of showing
facets as users type, also completions of the single user
keywords (term completions) or of the entire query rep-
resenting the full query intent (query completions) have
been proposed. One example system supporting this is the
Information Workbench shown in Fig. 4, which presents
terms matching the current tokens entered by the users, as
well as full interpretations of the entire query. For “queen
single”, the interpretations shown indicate that the query
intent may be something matching the word “queen” that
is of the type single. Web search engines, Freebase 14

and TrueKnowledge also present possible interpretations of
the query as the user type or after issuing a query.

With these systems, users can iteratively construct the
query by selecting the presented completions and facets.
VisiNav [21] goes beyond this selection-based interaction,
allowing iterative query construction also via drag and drop.

5 DATA

The information resources made available for search as
well as any kind of additional background information used
to improve the search experience, are kept and managed by
the system as data. In semantic search solutions, data can be
broadly categorized into two types, namely semantic data
and raw data.

13. http://entitycube.research.microsoft.com/
14. http://www.freebase.com/docs/suggest

Fig. 4: Querying with the Information Workbench.

Semantic data describe real-world objects in terms of en-
tities and their relations. Primarily, semantic data have been
used to refer to RDF datasets, or instance data contained
in ontologies represented in Semantic Web languages such
as OWL (the Web Ontology Language, a logic-based W3C
standard 15 for representing the semantics of vocabulary /
schema elements).

Several semantic search systems have been built that
specifically target the retrieval of semantic data, in con-
trast to classic retrieval systems that search over raw
information objects such as audios, videos, images and
texts. For instance, document retrieval systems search for
textual documents that are represented as bags of words.
As opposed to semantic data, raw data do not explicitly
capture the semantics of information resources in terms of
entities and their relations. Thus, for supporting document
(or image, video or audio) retrieval as semantic search,
one core subtask is the recognition of entities and their
relationships in the raw text. Named entity recognition and
other data interpretation tasks such as relation extraction
are performed to obtain a semantic data representation of
raw data (also called semantic metadata, or annotations).

5.1 Semantic Data

The most common type of semantic data used in se-
mantic search systems is RDF. Basically, RDF is a graph-
structured model, representing entities, their attributes, and
relations between them as a set of triples. A visual il-
lustration of such a semantic data graph capturing in-
formation about two researchers, whose names are
Thanh Tran and Peter Mika, is depicted in the bot-
tom portion of Fig. 5

This general graph-structured model can be used to
capture structured data of different types. In fact, most of
the data made publicly available on the Web and incorpo-
rated into semantic search engines such as Falcons [10],
Sig.ma [11] and SemSearchPro [13] originate from rela-
tional or XML databases. XML elements can be represented
as nodes, and their structure information can be captured
as edges. Likewise, information contained in tuples of a
relation database can be mapped to nodes, while foreign

15. http://www.w3.org/TR/owl-features/
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key relationships can be modeled as edges. The conversion
of XML and relational data to a RDF semantic data graph
can be accomplished by using mapping rules, and there
exist many standards and tools for accomplishing that
(e.g. see W3C RDB2RDF 16). Represented as RDF, these
and possibly other types of structured data also capture
information about real-world objects in terms of entities
and their relations. Hence, especially after their conversion
to RDF, structured data are often synonymously referred to
as semantic data. To capture this general notion of semantic
data used in semantic search systems, we introduce the
following definition:

Definition 2: Semantic data can be conceived as a graph,
where nodes represent entities and their attribute values,
and edges stand for attributes of entities or relations
between entities.

In particular, this notion accommodates three main types
of semantic data currently used in semantic search sys-
tems, namely (1) text-rich entity descriptions contained
in structured document collections, (2) structured entity
descriptions in RDF and (3) formal logic-based entity
descriptions specified using expressive knowledge represen-
tation languages such as OWL.

Text-Rich Entity Descriptions: This category of seman-
tic data contains entities that are largely described through
text, i.e. entity attribute values are composed of lengthy
textual descriptions. Wikipedia is the most popular example
that lies at this end of the spectrum of semantic data. While
it is actually a collection of documents (i.e. contains mainly
textual data), it fits the presented notion of semantic data
because every Wikipedia page corresponds to an entity, and
there are links between Wikipedia pages that can be seen as
relations. Wikipedia as a source of semantics is particularly
popular for search systems that focus on expert search or
entity search in general. It is used either to directly answer
entity search queries or as background knowledge [22],
[23].

Structured Entity Descriptions: This type of seman-
tic data is ubiquitous on the Web, capturing information
about real-world objects as RDF resource descriptions (or
structured entity descriptions that can be directly converted
to RDF). As discussed in the introduction, the amount of
RDF data embedded in webpages or are made available as
Linked Data is large and rapidly increasing.

Formal Entity Descriptions: On the other end of the
spectrum, there are more formal views on what constitutes
semantic data. In particular, many researchers may argue
that the reason why RDF, and other data models that
are built upon a formal model of semantics, are actu-
ally called semantic data (instead of structured data) is
because they can be exploited by a reasoning engine to
infer new knowledge (i.e. the knowledge that is entailed
by the semantics). While the formal model of semantics
specified for RDF is relatively simple (consists only of a
few inference rules), semantic data in some existing search
systems are represented using more expressive knowledge

16. http://www.w3.org/2001/sw/rdb2rdf/

representation languages such as OWL and F-logic. For
instance, Serene [24] makes use of facts that are captured
as Abox assertions (i.e. instance data, as opposed to Tbox,
the schema part) of an OWL ontology.

Fig. 5: Examples for semantic data, queries and matching
techniques.

5.2 Semantic Metadata
Besides engines operating directly on semantic data (data

retrieval systems), there are also systems targeting the re-
trieval of documents or information objects in general. They
employ semantic metadata, often in combination with the
raw data representation of these objects. We call semantic
metadata any kind of semantic data that provides additional
information about the objects to be searched. Later, we
also use the term document annotation to refer to meta-
data created for text. Metadata include basic information
about the objects such as author and the year it was
published. Moreover, it may capture the semantics of the
information contained in these objects. For instance, if a
particular Web page is about a restaurant, its metadata may
contain a structured description of that restaurant (as RDFa)
corresponding to the text contained in the page.

While the amount of available metadata is increasing,
most Web pages are still not explicitly annotated and not
amenable to IE. Semantic metadata is thus still too sparse to
cover generic information needs. Thus, metadata is mostly
used as additional information that can help to improve
standard search over raw data [25], [26]. There exist also
proposals for ontology-based IR, which completely relies
on metadata [18]. In this case, the retrieval of documents
is formulated as a data retrieval task, where data about the
documents (metadata) are returned as direct answers.

6 SEMANTICS: SEMANTIC DATA AND SE-
MANTIC MODELS

As discussed, central to semantic search system is the
use of semantics. The color highlighting (gray) in Fig. 2
indicates that a main source of semantics is the semantic
data itself. That is, semantic data can be used directly to
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answer queries (i.e. by matching queries against semantic
data), or as a semantic resource to interpret raw data and
queries (as we shall see in more detail in subsequent
sections). More specifically, Fig. 6 also shows other sources
of semantics called semantic models, namely lexical and
knowledge models.

6.1 Knowledge Models
While semantic data capture concrete entities (instances),

these are abstract models of knowledge, representing
classes of entities, attributes associated with these classes,
and relations between classes. This is visualized in the top
left portion of Fig. 6.

Different models, which vary in the degree of formality
and expressiveness have been used by different communi-
ties for semantic search. For instance, the model used by
ORAKEL for NL question answering is captured by the
Tbox portion of an ontology and consists of classes (also
called concepts) that are ordered in a subsumption hierarchy
and are connected through relations. Range and domain
information are captured as restrictions on the relations.
As shown for Serene [24], expressions more complex than
these restrictions can be added to capture the semantics of
concepts to reflect either general knowledge (such as the
knowledge encoded in Wikipedia) or specific knowledge
of a domain. Because the ontology models used in these
systems are represented using the logic-based formalisms
F-logic or OWL (description logic, DL), they can be seen
as logical theories with well-defined formal semantics.

Also, conceptual graphs (CGs) have been employed for
representing ontology models [27], and used for the tasks of
NL questions interpretation and answering [28] as well as
for interpreting and representing documents. CGs combine
the intuitiveness of graph-based languages and the formal
foundation of logics, enabling the modeling of knowledge
in terms of concepts and their relations and its mapping to
different formal languages.

Closer to the end of linguistic models discussed next
are knowledge models that consist of concepts only. For
instance, C-Search [29] encodes knowledge as concepts ex-

pressed in propositional DL. This DL enables the represen-
tation of complex concepts as a conjunction or disjunction
of atomic concepts. However, it does not support relations.

6.2 Lexical Models
The use of concepts has already been investigated in the

early years of IR research [30]. Different to knowledge
models, which capture semantics in terms of real-world
entities and their relations, the models employed there are
lexical in the sense that they capture semantics at the level
of words. While concepts in knowledge models stand for
classes of real-world entities, concepts in lexical models
correspond to senses of words. Lexical concepts are more
heterogeneous such that they may refer to entities, classes,
relations, attributes, or other senses of words. While these
different “types” of senses are not explicitly distinguished
like in a knowledge model, concepts can be organized along
lexical relationships in a lexical model.

A thesaurus is a popular lexical model that has been
extensively used for document retrieval in IR, which groups
words together according to their semantic similarity. Each
group represents a different word sense. In practice, lexical
databases also considered as thesauri such as WordNet, not
only capture senses (concepts) and their lexical variants, but
also relationships between them such as synonym, broader,
narrower and related. This is illustrated in the bottom part
of Fig. 6.

A lexicon also aims to capture the meanings of words
that is often used as a synonym for thesaurus. However,
lexicons in semantic search systems mostly go beyond that,
providing concrete mappings of words to elements in the
lexical or knowledge model.

6.3 Semantics
Based on the above discussion, we introduce a general

notion of semantics that can be used to characterize the
different types of semantic search systems.

Definition 3: The semantics of queries and data are
captured by semantic search systems in different ways.
Semantics can be represented (1) as word senses that are
organized through lexical relations between words (lexical
model), (2) as specific knowledge about concrete entities,
i.e. specific attribute values and relations between entities
(semantic data) or (3) as general knowledge about classes
of entities, class attributes, and relations between classes
(knowledge model).

A prominent example that can be used to illustrate these
many aspects of semantics is Wikipedia. As discussed, it
has been used as a type of semantic data to answer entity
search queries. The Wikipedia categories of pages have
been treated as classes and used to construct hierarchies
of classes in an ontology called YAGO [31]. Wikipedia
is also used as a source for Explicit Semantic Analysis
(ESA) [9], where every Wikipedia page is regarded as a
concept. Because ESA does not distinguish entities from
classes, the concepts here can be seen as capturing word
senses. Thus, Wikipedia pages and links constitute a lexical
model in this regard.
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6.4 Focus: Semantics of Entities & Relations

The discussion of semantics so far focuses on entities
and simple (binary) relations between them. Yet, the kind
of semantics that can be expressed is only limited by the
knowledge representation (KR) languages. There exist very
powerful KR formalisms and many of them have been
incorporated to perform document retrieval (already in the
early years of IR [32]) and to represent complex queries
and knowledge used in NL question answering [33] (in
the early years of expert systems). For instance, the em-
ployed formalisms have been used to represent temporal or
fuzzy aspects of world knowledge. However, most semantic
search systems, whether document or data retrieval systems,
rely primarily on the semantics of entities and relations.

There are practical reasons why the focus of current
research (and this paper) is set on simple descriptions of
entities (via attribute and binary relations). On the one
hand, most common queries as well as a large part of
queries in the long tail of Web query logs are about entities
and relations (i.e. they are of the types entity, factual
or relational queries). More importantly, the bottleneck is
actually the availability of data. It became evident that
manually capturing the content of documents as complex
logical formulas does not scale. Extracting entities and
relations from documents at high quality still remain hard
problems, representing the limits of what can be done
automatically by IE technologies. Also, most of the data
residing in databases or published on the Web (as RDF)
today, are mainly about entities and their relations.

7 DOCUMENT INTERPRETATION

One crucial task in supporting semantic search over
documents is to obtain a richer understanding and rep-
resentation of the document collection. Instead of a the
typical bag-of-words model used in classic IR, the goal
is to capture the content of the documents as entities,
concepts and relations, i.e. as semantic data or elements
of a semantic model. In fact, there is a dedicated area
of research focusing on this problem of IE from text.
Problems that have been studied include named entity
recognition, semantic role labeling and relation extraction.
For an overview of solutions proposed in this area, we refer
the interested readers to surveys specifically focused on this
problem [34]. Here, we discuss the kind of IE that has been
performed for the purpose of semantic search.

7.1 Detecting Concepts in Text

This problem and the tasks carried out to solve it are
illustrated in Fig. 7a. Concepts are especially needed for
supporting what is known as concept-based IR.

Documents have been analyzed to extract concepts for
the task of modeling documents as conceptual graphs [27].
For C-Search [29], which represents documents as DL
concepts corresponding to WordNet senses, the authors
identify words in documents matching Wordnet senses (i.e.
direct matching), and uses part-of-speech (POS) tagging

information and Wordnet, as a lexical database of senses
and word-level relationships, to perform word sense dis-
ambiguation. While words are mapped to atomic concepts,
phrases are represented as complex concepts using DL
formulas [29]. Especially in the biomedical domain, the
use of thesauri concepts for interpreting and representing
documents is very common [35], [36]. For instance, the
Unified Medical Language System and a gene-thesaurus
have been used to identify multi-word terms and to map
synonymous words to one concept [35]. The concepts were
identified simply by matching document words to thesaurus
terms.

7.2 Detecting Entities & Relations in Text
For extracting entities and relations, the large body of

research work on named entity recognition and relation
extraction has been leveraged by existing semantic search
solutions. One of the platforms, which is frequently used by
semantic search systems for extracting semantic data and
automatically annotating document collections at a large
scale is KIM [37]. IBM’s AVATAR [18] makes use of
UIMA 17, a framework of annotators that can be configured
in a pipeline to analyze and extract data from text. Another
work from IBM focuses on extracting named entities and
relations from text and using them for more precise search
(employing XML fragments as queries [38], [39]).

An overview of tasks involved in detecting entities and
relations are shown in Fig. 7b. As for most text interpre-
tation tasks, a syntactic analysis of the text is needed. In
this case, the typical analysis includes tokenization, POS
tagging, chunking sentences into noun phrases, and some
IE systems even derive entire parse trees from the text.
Different semantic resources may be employed besides
the syntactic information derived from text analysis. In
particular, Gazetteers are frequently used. The simplest way
for detecting entities is simply to match words (tokens)
against Gazetteer’s entries representing entities of different
classes. For disambiguating named entity mentions in text,
it has been shown that semantic data about entities and
their relations provides valuable information [40]. The
technique behind this is based on graph traversal, which
starts from nodes matching the entity mentions. Controlled
through spreading activation, paths from these nodes are
then traversed to explore the semantic context of these
nodes (i.e. entities). These contextual interpretations are
then used for disambiguation.

Beyond direct matching and disambiguation, state-of-
the-art techniques employ complex matching rules (or
matching patterns in general), especially for the more
complex task of relation extraction. Given a pattern like
Mr. ? works for ?, matching texts can be identified
and relevant entities and relations can be extracted. Match-
ing patterns are specified manually or learned automatically
through ML techniques for pattern induction. Current state-
of-the-art IE programs in fact, not only use simple word
patterns, but complex combination of features derived from

17. http://uima.apache.org/



10

(a) Detecting concepts. (b) Detecting entities and relations.

Fig. 7: Detecting concepts, entities and relations.

the words (e.g. orthographic and syntactic features such
as POS information), from the context as well as from
background knowledge (e.g. from Gazetteers). These fea-
tures along with labeled training examples are then used to
train a classifier (one for every entity / relation type) or a
probabilistic sequence model such as the Conditional Ran-
dom Field [41]. Besides these learning methods proposed
for targeted IE, which assume a fixed set of predefined
types of entities / relations to be extracted, there are also
proposals for open IE [42]. So far, semantic search systems
focus on the use of targeted IE tools (e.g. IBM’s UIMA,
SOFIE [43]). While they provide lower coverage, the qual-
ity of extracted outputs is higher compared to open IE tools,
an aspect shown to be very influential in improving the
precision of semantic search results [38], [39]. Promising
is the combined usage of targeted and open IE, a direction
currently pursuit by Microsoft’s EntityCube [44].

Many patterns and particularly rules used for IE explic-
itly capture when candidates can be considered as matches,
i.e. when they are considered as belonging to some types
of entities or relations. These patterns can be seen as
sources of semantics that feed as inputs to the IE systems.
Besides these matching-specific knowledge, also (domain-
specific) knowledge stored in ontologies have been used
as semantic constraints to filter matches, i.e. those that
lead to semantic inconsistencies. For instance, SOFIE [43]
prunes extraction outputs that do not satisfy the seman-
tic constraints captured by YAGO. As an example, hav-
ing the pattern ?x is mayor of ?y and the knowl-
edge that x,mayorOf,y requires x,type,Person
and y,type,City, we can filter out those extracted
is mayor of relations that do not involve a person or a
city.

8 QUERY INTERPRETATION

Interpreting queries is similar to the task of under-
standing text in documents. However, these problems are
studied from different viewpoints by partially overlapping
communities of researchers. Thus, the emphases are put on
different subproblems.

8.1 Detecting Concepts in Keyword Queries

One of the main challenge in dealing with keywords in
queries (and words in NL text) is their semantic ambiguity.
The same meaning can be expressed in different ways.

In particular, there are lexical variants that refer to the
same concept, relation or entity (synonymy). One and the
same word however, can also have different meanings
(polysemy). These are only two prominent problems, and
there exist many other subtle ambiguities (e.g. terms overlap
or are related in meaning).

Compared to detecting concepts in text as illustrated in
Fig. 7a, solutions to the problem of detecting concepts in
queries are different in the usage of features: keywords
are also matched and disambiguated against a thesaurus.
However, there is no syntactic information such as POS
tags that can be exploited.

The use of thesauri to deal with semantic ambiguities
of words has long history and has been investigated as
the problem of concept-based IR [30]. Concept-based IR
is especially needed in the biomedical domain due to the
frequent presence of acronyms, homonyms and synonyms.
For detecting the underlying concepts, many lexical re-
sources that are abundantly available for this domain, such
as the Online Dictionary of Abbreviations from MEDLINE,
the MESH thesaurus and the Gene Ontology have been
used [45]. The detected concepts are used to expand the
query [46]. Concept-based query expansion [46] for in-
stance, detects the concept behind the query, and performs
selection and weighting of additional search terms directly
based on this concept (instead of the query terms). Most
commonly, the authors use the English language WordNet
thesaurus to represent concepts by WordNet synonym sets,
and for expanding query terms by following WordNet links
[47]. WordNet links (is-a in particular) have also been found
beneficial in disambiguating query terms and in choosing
their senses [48].

Instead of using a thesaurus, top pseudo-relevance feed-
back documents have been retrieved through an initial query
run [49]. Then, concept annotations associated with these
documents (or inferred through spreading activation [50]
using these concepts as seeds) are used to construct the
conceptual representation of the query.

8.2 Translating Keyword Queries
There are also proposals for mapping keyword queries

to fully structured queries. In this case, not only concepts
but also the entities and relations to which the query
keywords may refer to, have to be recognized. The resulting
semantics of query keywords, i.e. schema (concept and
relation names) and data elements (entities) provides the
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basis for identifying the query intents, i.e. the keyword
query interpretations. The assumption behind many ap-
proaches for query interpretation is that the intended query
corresponds to a particular substructure in the semantic data
or schema graph. However, relations may be not explicitly
specified in the query, or are not sufficient to connect the
detected entities and concepts. In this case, algorithms for
graph traversal are used to find connecting paths. Query
interpretations are then obtained by merging these paths,
which are finally ranked and mapped to structured queries
(i.e. concept, relation and entity names are mapped to query
predicates and constants). While the common language
used to query semantic data in RDF is SPARQL 18 (a
language for expressing graph patterns), other (logic-based)
formalisms have been used, i.e. recognized entities, classes
and relations can be mapped to SPARQL queries [51],
conceptual graphs [28], logical formulas [52] or XML
Fragments [38]. An overview of this task is shown in
Fig. 8a.

AVATAR [18] is an example of systems supporting this
kind of keyword query interpretation. It maintains a transla-
tion index, which can be conceived as a lexicon that returns
all meanings for an individual keyword. Specifically, it
returns schema concepts as well as schema paths matching
the keywords. These keyword matches are then combined to
enumerate all possible interpretations of the query. For RDF
data, a top-k graph traversal algorithm has been proposed to
efficiently compute all possible interpretations [53]. Here,
keywords are interpreted as entities, classes or relations
(called keyword matching elements), which are contained
in the semantic data or semantic model. All possible paths
between these keyword matching elements are computed
online by traversing a query search space that is formed by
combining the semantic data graph and the schema graph,
and then merged to obtain interpretations, which cover
all the query keywords. This keyword query interpretation
is implemented by Hermes [12], and later, SemSearch-
Pro [13]. TASTIER [17] also applies a graph traversal
algorithm. However, it does not compute possible queries
(i.e. interpretations) but directly output answers.

8.3 Translating NL Queries
There are two main categories of approaches for dealing

with this problem. One the one hand, it can be tackled
in a way similar to the translation of keyword queries.
This solution (depicted in the bottom right portion of
Fig. 8b) involves the detection of concepts, entities, and
relations [28], and their mapping to elements of structured
queries. The problem of ambiguity is solved here by using
robust techniques for the matching of words in the NL
query against elements in the semantic data and semantic
models, and for the ranking and disambiguation of resulting
matches. In fact, this kind of approaches is particularly
popular among domain-independent NL query translation
systems. AquaLog [14] for instance, maps words in NL
queries to elements in the semantic data, and disambiguates

18. http://www.w3.org/TR/rdf-sparql-query/

results using domain-independent lexical resources (e.g.
WordNet).

The other category of approaches involves the use of
lexicons, often in combination with a syntactic analysis
tools. In fact, the same text analysis tools used for doc-
ument interpretation can be applied here. For instance, the
Stanford Parser 19 and GATE 20 are used by FREyA [51]
to identify concepts in NL questions and to derive the syn-
tactic parse tree, respectively. Lexicons are used for dealing
with ambiguities, especially for traditional NL translation
systems that are focused on a particular domain. A lexicon
here captures the mappings from syntactic elements to
semantic elements. For instance, ORAKEL uses a lexicon,
which specifies the mappings between nouns (verbs) with
their arguments identified through the syntactic analysis and
concepts (relations) in the semantic models [52]. These
mappings are specified by lexicon engineers. A different
lexicon is needed when porting the NL interface from
one domain to one other. Aiming at reducing this upfront
customization effort and domain independence, there are
also systems that in the case of lexical ambiguities, ask
users to provide mappings, and use them to train models
(e.g. via reinforcement learning [51]) that automatically
compute mappings.

8.4 Iterative Query Construction
The discussed query interpretation approaches aim at a

more precise understanding of the information need, repre-
sented as a structured query. This is also the objective of
other related approaches that fall into the general category
of query construction. For instance, faceted search [19],
[20] as well as the other kind of iterative query interfaces
based on visual manipulation (drag and drop) [21] as pre-
sented before, also belong to this general category. In these
systems, user operations are directly mapped to changes
in the query. For instance, adding and removing facets
result in the addition (query expansion) and removal (query
refinement) of query predicates, respectively. Clearly, the
difference to work on keyword and NL query interpretation
is the lack of ambiguity. Since only elements known to the
system are presented to the user, the semantics of every
user input is well-defined.

9 MATCHING

TABLE 1: Overview of matching approaches.

Term Structure Semantic

Syntactic similarity Graph pattern matching Logic-based
inferencing

Semantic similarity Graph traversal, spread-
ing activation

Mathematical/statistical
models

The kind of applicable matching techniques depends on
the given query input. The input to this could be either
the query directly provided the user, or preprocessed via

19. http://nlp.stanford.edu/software/lex-parser.shtml
20. http://gate.ac.uk/
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(a) Translating keyword queries. (b) Translating NL queries.

Fig. 8: Translating keywords and NL queries.

query interpretation. The differences in inputs between term
matching, structure matching and graph traversal are illus-
trated in Fig. 5 and discussed further below. We can see that
term matching and graph traversal are particularly needed
when the query is keyword-based. Whereas document re-
trieval or entity retrieval in general can be solved through
term matching, relational search requires graph traversal
for finding connections between keywords. Likewise, graph
traversal is also useful for finding connection between
elements, which have been recognized in the keywords
through the preprocessing step of keyword interpretation.
Structure matching is only possible when the input has
been fully translated to a structured query. An overview
of matching techniques is presented in Table 1.

9.1 Term Matching
This matching is needed when the representation of

query or data is based on terms (i.e. is a bag of words). This
is the case with all the existing concept-based document
retrieval solutions [30], [45], [46], [47], [48], [49], which
identify the concepts behind the query and document but
however, only use them for query or document expansion
(i.e. expand the term-based query / document representation
with additional terms corresponding to the identified con-
cepts). Likewise, there are approaches, which interpret the
query as entities and relations and use this understanding
to expand the query with corresponding terms [54]. That is,
instead of concept-based, entity- and relation-based query
expansion are applied. In all these cases, the resulting query
is still a bag of words.

Many semantic data retrieval systems such as Fal-
cons [10] and Sig.ma [11] also employ bag-of-words repre-
sentations – at the query and sometime, also at the level of
semantic data. For instance, Sindice 21, the inverted index
implementation behind Sig.ma, supports keyword queries
on RDF entity descriptions that are indexed as bag-of-words
just like unstructured documents. In this case, the semantics
available in the RDF data are not taken into account during
the matching (but may have been used in other steps such as
query interpretation, e.g. for concept-based query expansion
as discussed).

21. http://sindice.com/

Matching here boils down to the standard IR retrieval
problem. Namely, given a set of keywords, bag-of-words
models of the data matching individual keywords are re-
trieved. Besides document retrieval style ranking of results,
most IR engines employed by semantic search systems
for this task (e.g. Falcons and SemSearchPro use Apache
Lucene 22) support fuzzy term matching such that syntac-
tically similar terms can also be recognized as matches.
Besides, systems such as SemSearchPro uses a lexical
model such as WordNet to deal with semantic similarity,
i.e. to find syntactic variants that are similar in meaning.
This technique is similar to the use of lexical resources for
concept detection during document and query interpreta-
tion.

After matches are identified for every query term, they
are joined (or combined via union) to obtain those that
match all or some query keywords (AND vs. OR-semantics,
respectively).

9.2 Matching Complete Structure Patterns (Struc-
ture Matching)

We can apply this matching when the query and docu-
ment are interpreted or are directly available as a structured
query and semantic data, respectively. That is, the semantics
of both the query and data are represented in terms of some
entities and their relations. Most frequent is the combination
SPARQL queries and RDF data. In particular, the three
common types of information needs discussed previously
can be captured through the basic graph pattern (BGP)
feature of SPARQL.

Just like semantic data, a BGP forms a graph where
nodes and edges are either constants or variables (e.g. the
structured query shown in Fig. 5). Edges are connected
when they share one common node (if that node represents
a variable, it is called the join variable node). However,
edges in the BGP are not required to be connected such
that a BGP can be seen as a set of connected components.
Results obtained for every connected component are com-
bined via union. Through join variables, the query engine
knows how to combine intermediate results obtained for

22. http://lucene.apache.org/core/
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edges in every connected component, i.e. for combining
results obtained for the triple patterns connected in the BGP.

In fact, matching BGPs against semantic data boils
down to the task of graph pattern matching where con-
stants in the BGP are matched against elements in the
RDF data graph to find matching subgraphs that contain
bindings to variables in the BGP. For processing these
BGPs, the underlying engine leverages standard database
query evaluation techniques, i.e. it precompiles the query to
capture an optimal evaluation plan, then retrieves data (from
optimized, compressed indexes) for every triple pattern
and joins intermediate results according to the plan. This
processing is supported by off-the-shelf triple stores such
as Virtuoso 23 and Sesame 24. For instance, a customized
triple store is used by SemSearchPro [13] for computing
results for SPARQL queries, after they have been derived
from keywords through query interpretation.

9.3 Matching Incomplete Structure Patterns
(Graph Traversal)

The graph pattern matching technique discussed previ-
ously assumes that the structured query pattern is complete.
It performs a join or simply combine results via union when
there are no join variables connecting triple patterns. As
opposed to that, the lack of join variables or connections
between query elements in general, may simply indicate
incompleteness in the query, i.e. some connections between
query elements are not explicitly given, or unknown. Key-
word queries are mostly incomplete in that sense. Even
when the users know the connecting elements, they may
fail to capture them as keywords or simply omit them in
the query.

Instead of applying the union when there are no join
variables, graph traversal aims to combine partial results
by exploring for different paths between them that form
connecting subgraphs. It uses the structure and semantics
captured in the data to find connections. This kind of
matching has been used in different scenarios. As discussed,
it has been applied to explore paths between keywords
to translate a given keyword query to a structured query.
Instead of query interpretation, there are also systems [55],
which use the same graph traversal mechanism to directly
evaluate the keyword query. They skip the computation of
structured queries and directly explore for results in the
data (subgraphs) that match the keywords. As opposed
to standard IR-style keyword search on documents (i.e.
document/entity search), the results here are semantic data
graphs (i.e. relational search results). The keywords in the
query do not refer to single documents but possibly, several
entities that are connected through paths in the semantic
data graph. Hence, simply joining results (documents),
which match the query keywords is not sufficient. Entities
matching keywords in the query have to be retrieved, and
subgraphs containing paths, which connect these keyword

23. http://virtuoso.openlinksw.com/
24. http://www.openrdf.org/

matching entities have to be explored in the data through
traversing graph nodes and edges.

The common semantics employed by graph traversal
approaches for interpreting or directly evaluating keyword
queries mentioned above, is based on minimality. They
search for minimal subgraphs that for each keyword, con-
tains at least one matching node. A different semantics has
been used for a hybrid search approach that operates on
documents and semantic data [56]. Instead of minimality,
those parts of the data, which are interesting and thus, shall
be explored and returned as results, are controlled through
manually defined traversal constraints that are realized
via spreading activation, a kind of graph traversal that
is performed according to activation levels of nodes. In
a similar hybrid search setting, spreading activation has
been used to find entities in semantic data, which are
related to the documents to be retrieved, or vice versa,
to retrieve documents related to some given entities. The
starting points here are thus documents or entities, and
traversal from these points are controlled through spreading
activation [57].

9.4 Inferencing

Strictly speaking, this is not a matching task but a
processing step performed either subsequent to or during
the process of matching. Common to semantic search
systems are the use of logic-based reasoning and math-
ematical/statistical models of computation.

Simple computation such as sorting and averaging are
commonly applied to search results. Complex models for
advanced analytics however, are only available in expert
systems and data warehouses. With WolframAlpha, the use
of computational models based on statistical and mathe-
matical formulas to derive further insights from the results
has crossed the boundaries of specific domains to reach the
mass of Web users. In fact, simple analytical processing
has been available in popular Web search engines such as
Google for a while. For instance, users can pose queries to
convert money from one currency to another.

The other type of inferencing based on the formal
semantics of logic-based models such as OWL, has been
more popular in semantic search research. It is used to
consider not only the available data but also facts that
can be automatically inferred from the formal semantics.
For instance, the semantic models used in Serene [24]
is an ontology Tbox represented as DL formulas, and
semantic data are captured as Abox assertions of the same
ontology. Exploiting this Tbox and Abox, Serene uses an
inference engine to derive new knowledge during an offline
ontology compilation step. This computation is performed
offline to improve the efficiency of online processing. New
knowledge relevant for the query can also be derived
online. In ORAKEL for instance, the inference of new
facts is performed as part of the computation of query
matches. Notably, the first system created in the early years
of Semantic Web research, which makes use of logical
reasoning for computing semantic matches, is SHOE [58].



14

10 RANKING

Ranking approaches leverage different factors, which in
general, can be query-independent or query-dependent. The
latter type considers the relevance of the result with respect
to the query. The former type includes different aspects,
such as rarity (measured in terms of occurrence [59]),
popularity (based on occurrences [53], or centrality [59]),
predictability (based on information content [60]), trust
(e.g. trust values manually assigned to sources [59]) or
confidence (e.g. confidence scores of IE outputs [61], [62]).
They could be seen as heuristics, which can complement the
ranking based on query-relevance. There are two prominent
heuristics that are extensively studied and widely used in
existing approaches, namely for centrality- and proximity-
based ranking.

TABLE 2: Overview of centrality-based ranking.

Hyperlinks Relations

Adoption of PageRank to (1) on-
tologies as Web pages, (2) two-
layered graph with data sources
(Web pages) representing one
layer and source data the other

Authority transfer weights
(1) specified by experts, (2)
learned through simulated
annealing or PARAFAC
decomposition

10.1 Centrality-based Ranking
An overview of centrality-based techniques is presented

in Table 2. The algorithms commonly used for computing
centrality in the context of ranking is PageRank and HITS.
The underlying idea is to perform link analysis on the graph
formed by the hyperlink structure of documents to identify
nodes that are important (or popular or authoritative).

In the semantic search context, much effort has been
invested in extending the original PageRank and HITS
proposals towards dealing with semantic data graphs, where
instead of documents and hyperlinks, there are entities that
are connected through different types of semantic links (i.e.
relations). One of the first proposal for using PageRank for
dealing with semantic data is OntoRank [63]. However,
ranking here is only dealt with at the level of sources,
namely to rank ontologies instead of the entities contained
in them. PageRank could be directly applied because on-
tologies are treated as Web pages, and there are no different
types of links but only import 25 relations. Similar to
this idea, semantic data sources have been considered as
Web pages [64], [65]. Authors of the latter pursue a two-
layer approach where the PageRank scores computed for
the datasets propagate to the entities contained in them [65].

ObjectRank [66] also builds upon PageRank, but recog-
nizes the variety of semantic links. Instead of using the
same authority flow for all edges, it employs an author-
ity transfer schema graph, which captures the strengths
of authority for different types of links. While all these
weights have to be manually specified by domain experts
in ObjectRank, PopRank [61] incorporates a simulated
annealing algorithm to learn the weights, based on a partial
weighting provided by experts. A different direction for

25. An ontology imports another one to make uses of its content.

obtaining the weights of different types of links is taken by
TripleRank, which models semantic data by means of a 3-
dimensional tensor. Applying the PARAFAC decomposition
(a multi-modal counterpart to HITS) to the tensor results
in authority and hub scores for both the entities and links.

EntityAuthority [67] operates not only on the semantic
data graph but on a combined graph that contains both
entities and documents as nodes.

10.2 Proximity-based Ranking
Another popular heuristic that has been successfully used

in IR is the proximity between terms [68]. According to
this, a result is ranked high when it contains query terms
that appear closer to each other in its textual content.
This notion of proximity has also been used for XML
data retrieval: XRank proposes to rank results based on
the smallest text window, which contains all matches to
query keywords [69]. The notion of proximity has also
been adopted to the case of semantic data, where instead of
textual proximity (distance between terms), the distance be-
tween semantic entities is taken into account. For document
retrieval, several proximity measures have been proposed to
measure the distance between named entities extracted from
text [70]. In keyword search over semantic data, results are
subgraphs containing nodes matching the query keywords.
One of the factor often used for ranking these results is
based on the (pair-wise) distances between keyword match-
ing nodes (the length of the paths connecting them) [55],
[53], [17]. Similar to text proximity, the intuition here is
that more compact results more likely correspond to the
intended need. Note that while it is not independent of the
query, this heuristic does not directly capture the query-
relevance.

TABLE 3: Overview of query-relevance based ranking.

Content Structure / Semantics

Treat entities as documents
and adopt (1) vector space
model (2) unstructured LM

(1) BM25F, (2) structured LM for
results, (3) for both query and
results, (4) triple-based LM

10.3 Query-Relevance Based Ranking
An overview of these techniques is presented in Ta-

ble 3. Given the ambiguous query, and given we know
the query intent, results can be distinguished in the degree
of relevance w.r.t. intent. Finding the query intent (i.e. the
query-relevance) and ranking results based on relevance
represent a classic problem in IR. In the semantic search
setting, existing IR concepts have been used and extended
to deal with semantic data and to leverage the availability
of semantics.

TFIDF: Many semantic search systems, which provide
keyword search over semantic data, apply standard IR
ranking. For instance, Falcons [10] uses a standard IR
tool (Lucene) to index entities as documents, and uses
the built-in ranking mechanism (TFIDF-based) for entity
ranking. For ranking more complex relational search re-
sults, there are keyword search systems, which adopt the
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vector space model and TFIDF-based term weighting. The
result in this setting is a graph, which is simply conceived
as a set of keyword matching nodes. A popular ranking
scheme is based on the sum of the individual TFIDF
score computed via pivoted normalization weighting for
every keyword matching node [53]. Specific normalization
methods have been proposed to recognize that the textual
length of the matching nodes (i.e. entity descriptions instead
of textual documents) is often very short (thus, document
length normalization), different attributes actually represent
different vocabularies (thus, IDF normalization) and a result
is actually an “aggregation of documents” and thus, requires
additional normalization beyond the document level [71].
Also, TFIDF has been adopted for the case of document
retrieval using semantic data. Here, the TFIDF weighting
has to be modified to consider not only the frequency of
terms but also the frequency of named entities [54] and
annotations [25].

Taking the specific semantics of entity results into ac-
count, an extension of the BM25F has been proposed [72].
The idea here is to use different fields for indexing different
attributes of entities, instead of considering entities as
unstructured documents. Different weights are assigned to
these fields to recognize that some attributes are more
important than others in ranking entities.

Language Models: Also, the language modeling (LM)
approach has been adapted to the case of ranking complex
results. Language models for documents and queries are
employed to represent them as multinomial distributions
over words of a vocabulary. The KL-divergence, basically
measuring the distance between the query and document
distributions, can then be used for ranking. For ranking
structured objects, three different models were studies [73]:
the simple unstructured model treats all object attributes and
values as vocabulary terms. The structured variant employs
language models for specific components of the structured
results. The record-level representation models an object
through several language models, each capturing a record
of that object (an object here is the output of merging
several records). The attribute-level representation further
segments a record into multiple fields and assigns different
weights to individual fields (similar to the idea behind
BM25F). Moreover, specific term distributions for fields
have been used for modeling results as well as queries.
The query is modeled based on pseudo-relevance feedback
results obtained from an initial query run, called the edge-
specific relevance model [74]. Similarly, the probability of
observing a word in a structured result may vary, depending
on the attribute (the edge) to be considered. This is captured
by the edge-specific result model.

As opposed to the approaches mentioned before, which
model queries and documents based on words, there are
also language models defined as probability distributions
over RDF triples [75]. The probability of a given triple
should capture its “informativeness”, which is measured
based on a notion called witness counts. The authors
implement this by issuing keyword queries derived for each
triple against Web search engines, and using the reported

result sizes as witness count estimates. Following the same
direction, NAGA [15] not only uses informativeness but
also a measure of confidence to estimate parameters of the
language models.

10.4 Ranking: Combination of Factors
The ranking implemented by a system is often a com-

bination of factors. For instance, for searching entities
detected from documents, EntityRank [62] rank entities
based on the popularity of documents they have been
extracted from (computed via PageRank), the confidence of
the extraction outputs, contextual constraints as well as the
proximity among entities and words. For retrieving more
complex objects (comprising multiple records) extracted
from Web documents, experiments with Libra 26 (a search
engine for scientific literatures) have shown that ranking
can be improved when taking extraction confidences both at
the record- and attribute-level into account [73]. Structured
results (subgraphs) obtained from keyword search over se-
mantic data are mostly ranked based on the PageRank of its
constituent nodes, an aggregation of query-relevance scores
obtained for individual nodes (records, entities) matching
query keywords, and the proximity captured through the
length of paths between nodes [53].

A robust and generic mechanism for combining these
factors is learning to rank. Given labeled examples, i.e.
relevance judgments capturing which results are relevant, a
learning to rank algorithm such as RankSVM can be used
to learn the weights that control the influence of individual
factors. For instance, RankSVM has been used to learn
the optimal combination of query-independent factors in
the entity search setting [76]. In this study, the goal is
to find out the factors, which determine the ranking of
entities, given they do not distinguish in terms of query-
relevance, i.e. they all are relevant. Besides centrality-based
measures such as PageRank (and other ones derived from
connectivity information in the RDF graph), the authors
also consider features external to the data such as Google n-
gram statistics. For relational keyword search over semantic
data, TFIDF-based ranking scores obtained for individual
nodes in the result graph as well as structure proximity
scores derived from the result graph have been studied for
learning to rank [77].

11 COMMON APPROACHES AND THEIR
PERFORMANCE

Semantic search has been investigated from different
communities in different contexts. In the IR community,
semantic search has mainly been viewed from the per-
spective of document retrieval. Here, classic concept-based
approaches based on the use of lexical models can be dis-
tinguished from more recent approaches that leverage doc-
ument annotations in the form of semantic data. Another
line of research is entity search, which has been studied in
the context of entities extracted from Web pages, Wikipedia

26. http://libra.msra.cn
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pages corresponding to entities, as well as entities captured
by databases and semantic data sources. Another popular
topic is keyword search over databases and semantic data,
which is mainly about relational information. Last but not
least, the processing of NL queries over these semantic
data entails specific challenges and opportunities, which has
attracted interests from a specific community of researchers.

Accordingly, we distinguish five common types of
approaches, namely concept-based document retrieval,
annotation-based document retrieval, entity search, rela-
tional keyword search and relational NL search. These types
of approaches represent major communities with significant
bodies of work, although just as the communities the
approaches themselves may overlap in some aspects. For
instance, an entity search system may use documents and
annotations, which would also characterize it as annotation-
based search. Most relational search systems also support
entity search.

We will now discuss these main types of approaches,
several example systems, and their reported performances.
The classification of selected approaches into types is
presented in Table 4. Further, Table 5 provides an overview
of selected systems and their classification along the main
aspects of semantic search discussed in this survey.

11.1 Concept-based Document Retrieval

As indicated by example systems shown in Table 5, this
type supports keyword search over documents, and based
on concepts interpreted from keywords and documents, it
may also provide additional querying mechanisms such as
as concept-based iterative query construction. In fact, this
is the classic type of semantic search systems, which has
been studied already in the early years of IR research.
Researchers in this community have recognized the need
for a richer representation of the information needs and
data that goes beyond the bag-of-words model. It became
evident that constructing a full-fledge logic-based repre-
sentation [32] for queries and especially for documents is
not practical. Thus, lightweight lexical models have been
employed to interpret the semantics of query and documents
as concepts, and used within the standard bag-of-words IR
paradigm (e.g. vector space model and language model).
In fact, retrieval may be done based on concepts alone,
i.e. using bag-of-concepts, or in the form of query and
document expansion. In the latter case, bag-of-words model
constitutes the basis while the conceptual understanding
helps to refine or add more relevant words.

There are no clear evidences suggesting conceptual
IR can outperform standard IR techniques. It has been
shown that automatic query expansion in the large and
diverse TREC collection using WordNet degrades perfor-
mance. Even when concepts are selected by hand, it helps
only when the query is an incomplete description of the
need [48]. More recently, it has been shown for the medical
domain (TREC Genomics) that retrieval based on concepts
alone could not outperform the standard baseline based on
words [35], [36]. In another experiment, the combination

of concepts and bag-of-words outperforms a state-of-the-art
baseline in one collection, and shows similar performances
in other collections [49]. However, the experiments have
been performed on collections where documents have been
manually annotated with concepts (domain-specific CLEF
and TREC Genomics collections).

Examples: While concepts may not directly help to
improve relevance-based metrics such as precision and
recall, there are many systems showing they can provide
other benefits, such as for iterative concept-based query
refinement or for browsing. These features are available
with gopubmed for instance. Targeting the same domain,
the NCBO Resource Index 27 [78] leverages the large
amount of ontologies that exist in the biomedical domain.
While some (of the 200 ontologies currently used) may
capture more advanced semantics, they all are treated as
lexical models consisting of connected concepts. Besides
retrieval, concepts detected in documents are also used for
concept-based iterative query construction and navigation,
where similar to facets, users can add concepts to refine
the queries and to browse documents along concepts,
respectively. Targeting the Web scenario, Hakia 28 (Hak)
uses a cross-domain lexical model called the Commercial
Ontology, which hierarchically organizes word senses at
three different layers. Based on these concepts, Hakia in-
terprets the content as “knowledge bits”, and for efficiency
reason, extracts and indexes all possible queries that can
be constructed from them. The concepts and ontology are
used for retrieval, for handling syntactic variants in key-
words and NL queries (morphological variants, synonyms,
generalization) in particular.

11.2 Annotation-based Document Retrieval
These approaches exploit the advancement in IE tech-

nologies to obtain a richer representation of queries and
documents, namely as entities and relations represented
as annotations (query and document annotations, respec-
tively). As shown in Table 4, this query interpretation has
has been applied both to keywords and NL questions.

To date, there exist only anecdotal evidences for the
merits of this type of systems. The most conclusive result
in this direction is based on experiments using the TREC
Question Answering track: for a subset of queries, it has
been shown that higher precision could be obtained [38].
The results there can also be interpreted as follows: the
employed IE programs were optimized for a few specific
types of relations and entities (e.g. Person). High preci-
sion is possible for queries that can be covered by these
types of annotations, i.e. they ask for information that
matches these annotations. However, high recall is difficult
because it requires the IE program to recognize arbitrary
types of entities and relations. As discussed in the document
interpretation part, there are promising ideas towards this
kind of open IE. However, obtaining high quality results is
still a problem that poses many challenges. Along this line,

27. http://bioportal.bioontology.org/resources
28. http://hakia.com/
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TABLE 4: Classification of selected approaches into types.

Concept-based
Annotation-based Entity Relational

NL Keyword Document Wikipedia Semantic Data Keyword NL

[30], [29], [46],
[35], [35], [36],
[78], [47], [48],
[49]

[38], [25],
[26], [39]

[25], [18], [50],
[54], [56], [57]

[79], [22],
[38]

[80], [22],
[23], [81]

[66], [82], [72],
[10], [11], [76],
[73], [61]

[66], [74], [77],
[75], [12], [13],
[15], [17], [55]

[28], [52],
[83], [51],
[14], [84],
[85]

there is a study showing that the quality of IEs significantly
impacts semantic search performance [39].

Examples: IBM’s AVATAR 29 (AVA), is an example of
keyword search over documents, which uses UIMA for
extracting annotations. It interprets keywords as a struc-
ture query, which is then processed against a database
of annotations. As answers, the system does not return
documents, but annotations representing information about
entities and relations extracted from documents. In addition
to annotations, other structured datasets (semantic data) can
be used for search. Powerset (PS) performs IE also to return
information about entities and relations (to queries repre-
sented as keywords as well as NL). Its demo constructed for
a subset of Wikipedia also returns pages as results. More
focused towards the processing of complex NL inputs is
Watson [86] (J!). It targets the Jeopardy! quiz show, where
the task is to find factual answers related to entities, given
the category and several clues. It is a complex system
combining different techniques. The starting points are
previous IBM works, the PIQUANT system for combining
evidences [87] and the GuruQA for using annotations [88],
[38] in question answering in particular. Besides question
and content analysis to interpret the meaning in terms of en-
tities and relations, the system also implements techniques
not covered by this survey, such as corpus expansion (to
identify and acquire sources of content on the Web, both
unstructured Web documents as well semantic data such
as YAGO) and question decomposition and classification
(identify parts and types of questions that need special
processing, e.g. a math question). Computing results re-
quires merging partial evidences as well as their confidence
values. Similar to learning to rank, a ML method is used for
the combination. Watson also uses the semantics in some
sources to perform reasoning, e.g. it exploits subsumption
and disjointness in type taxonomies and applies geospatial
and temporal reasoning. While geospatial reasoning is used
to deal with spatial relations such as directionality, borders,
and containment between geo-entities (e.g. when asked for
an Asian city, then spatial containment provides evidence
that Beijing is suitable, whereas Sydney is not), temporal
reasoning helps to deal with inconsistencies between dates
in clues and answers.

11.3 Entity Search

While the two mentioned types retrieve documents,
this type of approaches search for entities representing
real-world objects (anything but documents). It includes

29. now superseeded by SystemT, http://www.almaden.ibm.com/cs/
projects/avatar/

search over (1) documents (e.g. for processing entity-
related factoid and list queries of the TREC Question
Answering track [38], or expert search queries of the TREC
Enterprise track [79]), (2) over Wikipedia data, which as
discussed, can be seen as a kind of semantic data (e.g.
for answering entity-related queries of the INEX Entity
Ranking track [22], [81]), or over pure (3) semantic data
crawled from the Web (e.g. for answering entity queries of
the SemSearch Entity track [72]).

Some type(1) systems can also be categorized as
annotation-based document retrieval systems because they
detect entities and relations in data and queries [62], [73],
[38]. However, they go beyond standard document retrieval
to locate the parts (passages) in the documents that contain
answers to the query. As mentioned in the previous Sub-
section, the work from IBM [38] showed that precision can
be very high when quality extraction outputs are available.

The use of semantics in type(2) systems is limited to
viewing Wikipedia pages as entities [22], exploiting cate-
gories associated with them [80] as well as links between
them [81]. As a source of semantics, experiments have
shown that category information helps to interpret the entity
query and to enrich the Wikipedia documents and as a
result, to outperform standard text-based retrieval [22], [80].
Interestingly, Wikipedia articles can also be effectively used
as a pivot for entity search on the Web, i.e. not only
for answering queries about Wikipedia entities: it contains
entities for a large amount of queries as well as cues (e.g.
external links), which can be used to find the homepages
of entities on the Web, which are referred to by Wikipedia
articles [22].

While many type(3) systems [10], [11], [12] have been
built to search for entities over semantic data from the Web,
solutions for ranking and the evaluation of their results
have attracted interest only recently. The first systems (e.g.
Falcons) simply used an underlying IR engine (Lucene) to
index entities as documents and the built-in mechanism to
rank entities. Recently, the SemSearch challenge attracted
a large number of participants, which submitted results
produced by different ranking schemes based on traditional
IR concepts. To date, the best performed method [72] uses
an adaptation of BM25F.

Examples: Systems searching for entity related informa-
tion extracted from documents include AVATAR, Powerset
and Watson. Targeting Wikipedia documents, SERWi 30

(SER) runs on top of subsets of Wikipedia used at INEX
XER 2007 and 2008. It exploits category information
treated as part of a knowledge model to interpret entity

30. http://godzilla.kbs.uni-hannover.de:8089/ER08Demo/
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queries expressed as keywords, and returns a ranked list
of entities represented by their Wikipedia pages. For the
semantic data case, we have Sig.ma as one representative
system, which provides keyword querying capabilities over
an index of semantic data sources. For query answering,
it matches query terms against an inverted index of entity
descriptions, presents the sources for which matches could
be found, and also, allow users to approve or reject certain
sources of information. As illustrated in Fig. 3, Yahoo!
(Y!) also employs semantic data for entity search. It uses
its own curated sources of semantic data (e.g. data about
companies) to provide – in addition to relevant Web pages
– specific information about the requested entity and links
to related entities whose ranking is computed based on co-
occurrence in query logs and social media [89]. Microsoft’s
EntityCube (MS) extracts information from text [44] to
support entity-related keyword queries over documents and
extracted information. For every query, it displays matching
documents and entity information, and allows users to
refine results based on facets representing related entities.
As opposed to Yahoo!, which uses BM25F for ranking [72],
it uses language models for query-relevance [73] and also,
PopRank for centrality-based ranking [61].

11.4 Relational Keyword Search

This category comprises all approaches, which process
keyword queries over semantic data (or structured data
capturing entities and relations) [53], [55]. While the results
here include entities, the focus is to find possibly complex
subgraphs encompassing several entities and relations be-
tween them (i.e. to support relational search). There exists
a variety of indexing strategies and traversal algorithms
that help to perform this task more efficiently. However,
regarding result quality, recent work [90] has shown that
the proposed ranking strategies (e.g. [53], [71]) based on
the adoption of proximity, TFIDF and PageRank do not per-
form well when considering a broad range of queries. This
work aims at a standardized framework and benchmark for
evaluating the effectiveness of relational keyword search
approaches. Based on this benchmark, it has been shown
that high quality results can be achieved through the use
of edge-specific language models that are constructed for
results and queries [74]. Also, the learning to rank strategy,
which combines TFIDF-based ranking, proximity and other
factors yields high performance [77].

Examples: AVATAR in fact, not only can search over
annotations but any kinds of semantic data. The structured
queries AVATAR obtains from keywords may also involve
relational information. Another system is SemSearchPro
(SPro), which exploits semantics throughout the search
process: it uses lexical and knowledge models as well as
the semantic data to translate keyword queries to SPARQL
queries (interpretation), to find connections between enti-
ties mentioned in the keyword query and for processing
fully structured SPARQL queries (matching), and to rank
results based on structure-based proximity, centrality and
query-relevance (ranking). As illustrated in Fig. 4, it also

supports faceted search, and iterative query construction
where users can iteratively build complexer queries by se-
lecting suggested terms and query completions as they type.
TASTIER 31 (TAST) also supports this auto-completion
search, suggesting results as users type. The relational
search demo is available for DBLP 32, a dataset containing
information about entities in the bibliographic domain.

11.5 Relational NL Search
As opposed to NL search over documents, which is

mainly studied by IR researchers, this topic attracts a sepa-
rate community that deals with interfaces over databases
and knowledge bases. The underlying problem is about
searching over semantic data. We refer to it as relational
NL search because relations in the data have to be processed
to answer complex queries, possibly asking for relations
between several entities. Just like relational keyword search,
this type targets the more general relational search scenario,
i.e. it can handle the entity query case, while it is not
necessarily optimized for it, as opposed to entity search
systems.

Traditionally, this query interface is used for expert sys-
tems targeting one particular domain. The question of porta-
bility, and the problem of building domain-independent
search systems have attracted attention in the past few
years [83], [52], [91]. While this problem of open-domain
NL search, e.g. NL search over large amounts of hetero-
geneous Web data, seems to be largely unsolved, relatively
good results have been reported for single domain tasks.
However, while there is TREC-based evaluation for NL
search over documents (TREC QA track), there exists no
such thing close to a standardized evaluation in this commu-
nity. The performances reported by previous approaches are
hardly comparable because different queries and datasets
have been chosen for the experiments, e.g. experimental
settings in recent works [51], [85], [84] differ.

Example: NaLIX [84] (NaL) is a system built by IBM re-
searchers that was initially focused on one domain and then
extended to DaNaLIX [91] to deal with multiple domains.
It interprets a NL query by producing a parse tree and then
maps its elements to structured queries via rules. These
mapping rules are manually specified and additionally, can
be derived from user feedbacks. WolframAlpha (WolfA)
also interprets NL inputs via rules. Its specialty is the
ability of computing additional information from the data
and results. True Knowledge (TrueK) also makes use of
reasoning for processing questions and computing results,
geospatial and temporal in particular.

12 CONCLUSION
Semantic search is a broad concept that refers to a

wide range of solutions. We presented a classification of
semantic search approaches into the five different types of
concept-based document retrieval, annotation-based docu-
ment retrieval, entity search, relational keyword search and

31. http://tastier.ics.uci.edu/
32. http://dblp.ics.uci.edu/
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TABLE 5: Classification of selected systems into aspects.

Concept Annotation Entity Rel. Keyword Rel. NL

NCBO Hak AVA PS J! SER Sig. Y! MS SPro TAST NaL WolfA TrueK

Need

Document X X X X X X X

Entity X X X X X X X X X X X X

Relation X X X X X X X

Querying

Keyword X X X X X X X X X X X X

NL X X X X X X

Facet X X X X

Iterative X X X

Data

Text X X X X X X X

Sem. Data X X X X X X X X X

Metadata X X X X X X X

Sem. Model
Lexical X X X X X X X

Knowledge X X X X X X

Data Int.

Concept X X X

Entity X X X X

Relation X X X X

Query Int.

Concept X X X X X X

Entity X X X X X X X X X X

Relation X X X X X X X X

Matching

Term X X X X X X X X X X X X X

Structure X X X X X X

Traversal X X X

Inference X X X

Ranking

Centrality X X

Proximity X

Relevance X X X X X X X X X X X X X

relational NL search. We identified the main aspects that
distinguish these types, namely data, semantic resources,
information needs and querying paradigms and the subprob-
lems of interpretation, matching and ranking. We discussed
the differences among existing semantic search approaches
along these aspects, and elaborated on existing techniques
for solving these three main subproblems in search.

This survey suggests that a wide range of solutions exist
for individual problems, which are more or less suited given
a specific setting of data, semantics and needs. Efficient
solutions producing high quality results are available for
entity search over RDF as well as more text-rich sources
such as Wikipedia. Also, much progress could be observed
in the area of relational keyword search, where efficient
methods for graph traversal and indexing have been pro-
posed, alongside with different ranking schemes and their
combination through learning to rank. More problematic
is relational NL search, where domain portability and
the lack of standardized evaluation represent the main
challenges. Regarding search over documents, the use of
concepts so far turned out to be not superior than existing
IR methods w.r.t. the relevance-based metrics of precise
and recall. Using more complex annotations representing
entities and relations can help to improve precision. This
result is however, strongly dependent on the outputs of
the employed information extraction systems, which to

date, still face the challenge of scaling across domains, i.e.
open-domain extraction is still difficult. However, concepts,
entities as well as their attributes and relations have been
successfully used as facets to improve the overall search
experiences, e.g. for more effective browsing as well as
for constructing richer queries through an iterative process.
Generally, iterative query construction is popular among
existing systems, where facets, term completions, query
completions as well as results have been suggested to users
as they type.
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