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1 Introduction

Modern information retrieval systems advance user experience on the basis of
concept-based rather than keyword-based query answering. In particular, effi-
cient user interfaces involve terminological descriptions of the domain of interest,
expressed in formal knowledge representation formalisms. Ontological represen-
tation and reasoning based on Description Logics (DLs) [7,9,10] play an impor-
tant role, providing expressive concept-level query languages with formal seman-
tics and reasoning support. On the other hand, most real-life applications use
huge amounts of data, consequently, efficient data storage and retrieval focuses
on methodologies that take advantage of the physical storage using simple rather
than sophisticated data models. Trying to combine the requirements for highly
expressive queries and efficient data storage, ontology-based query answering is
one of the widely used approaches, especially for web applications, involving data
from different sources, in different formats [25,27,29,31,32,34].

Here, we present methods for data integration, query rewriting and query
answering based on both tractable and expressive Description Logics. Specif-
ically, we focus on semantic data representation based on relational schemas
to ontology mappings, ontology-based query rewriting for tractable Description
Logics and approximate query answering techniques for expressive Description
Logics.

The rest of the paper is structured as follows. Section 2 presents some basics
of semantic data technologies. First, relational databases are introduced as a
paradigm of disk-oriented data storage that misses a vocabulary-based semantic
interpretation. Then, thing descriptions that are based on terminological asser-
tions (ABoxes) are presented as a simple way to store and access semantic data.
Finally, Sect. 2 concludes with a short presentation of semantic databases that
are based on relational to terminology mappings, an important technology widely
used in practice, especially in cases where systems already use relational database
management systems. Section 3 provides the reader with a short introduction to
Description Logics and how Description Logic ontologies can be used to extend
the vocabulary of data descriptions, thus providing a formal terminological data
access framework. Moreover, automated ontology reasoning problems introduce
the reader to ontology-based data access that is the subject of Sect. 4. Starting
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from standard reasoning and instance retrieval problems, the main technologies
of semantic data access are presented, with emphasis to optimised query rewrit-
ing in tractable fragments of web ontology languages. Finally, Sect. 5 briefly
describes the current technologies and standards that enable ontology based
data access methods, discussed in the previous sections, to be used in real web
applications, while Sect. 6 concludes the paper.

2 Semantic Data Representation

Data access in real life applications is usually based on storage oriented tech-
nologies that focus on the efficient retrieval of information from the disks, taking
advantage of the specific technological restrictions of the physical layer. Sophis-
ticated, analytical data modelling that represents the knowledge of the domain,
is usually avoided for the sake of efficiency. A typical example is the relational
database management model.

Definition 1. Let ΔV be a value domain and ΔF a name domain for subsets of
the values in ΔV . The n-tuple D = 〈F1,F2, ...,Fn〉 is a data structure defined
on ΔV ; Fi ∈ ΔF (i ∈ Nn (we write Nn for the set {1, 2, ..., n})) are the fields
of D; v = 〈v1, v2, ..., vn〉, with vi ∈ ΔV (i ∈ Nn), is a record of D. A database
is a tuple B = 〈D,V〉, where D = {D1,D2, ...,Dm} is a non-empty set of data
structures and V a set of their records. We say that D is the database schema
and V is the data.

An expression of the form

SELECT fields
FROM structures
WHERE conditions

is an SQL query against the database B, where structures are elements of D
(some Di), fields are some fields of the structures (some Fij) and conditions are
conditions for the values of these fields. The answer to the SQL query is the set
that contains all the fields value vectors of V, that satisfy conditions. ��

Definition 1 presents a simple form of relational databases and SQL queries,
covering the basic ideas. More sophisticated relational models and query lan-
guages have been introduced in the literature (see for example [2,3]).

Example 1. Table 1 summarises the database schema of an example database
from the cinema domain. The schema consists of five data structures providing
information for directors, movies and awards. For example, the data structure
DIRECTORS, after a unique number for each record that is usually called pri-
mary key (here underlined), stores the name, place of birth and a short bio of a
director, while her possible movies and awards are stored in the data structures
DIRECTOR-OF and AWARDED-WITH, respectively.

Some data following this database schema is given in Table 2. It contains
information about two directors and two movies; it is stored in different records of
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the database. For example, the movie ‘Manhattan Murder Mystery’ is described
(its title is stored in the field Title of the first record of the data structure
MOVIES). The movie is a ‘Comedy’ (see the value of the field Genre of MOVIES),
its duration is 104 min (field Duration), its director is ‘Woody Allen’ (we join the
information from the first record of DIRECTOR-OF and the field Name of the
first record of DIRECTORS).

With the following SQL query q, we may find all directors of comedies.

SELECT DIRECTORS.Name
FROM DIRECTORS,MOVIES,DIRECTORS-OF
WHERE DIRECTORS.DirID = DIRECTORS-OF.DirID

MOVIES.MovID = DIRECTORS-OF.MovID
MOVIES.Genre = “Comedy”

The query involves three structures of the database, as we can see in its FROM
clause, namely the DIRECTORS, the MOVIES and the DIRECTORS-OF. The
query answer returns only director names, from the field DIRECTORS.Name
(see the SELECT clause), however finding the correct answer set involves condi-
tion checking that needs information from the three structures (see the WHERE
clause). In particular, the first two conditions ensure that the movies of all direc-
tors will be checked against the third condition. Thus, the relevant set of tuples is
constructed with appropriate joins of DIRECTORS, MOVIES and DIRECTORS-
OF, and then only tuples that satisfy the condition “the movie is a comedy” are
selected. In this case, only M1 has M1.Genre= “Comedy”, thus only D1 is “direc-
tor of a comedy” and thus only D1 will be an answer of the query. Formally, we
write ans(q) = {〈WoodyAllen〉}. ��

Collecting information from the data is not always a straight-forward process.
It presupposes a good understanding of the database schema and the value
domains, and involves conditions that are difficult to be expressed in the query
language. In some cases, a sophisticated information extraction procedure may
be needed to mine semantically rich information out of semi-structured or
unstructured data, stored in some of the fields of the database. For instance
(in Example 1) the field ShortBio of DIRECTORS may contain useful information
in an unstructured form.

The syntax of relational databases is suitable for efficient data storage, on the
other hand it does not provide rich semantic information. For example, the posi-
tion of a symbol in a statement (schema, record, field, value) is not informative

Table 1. Database schema for Example 1

DIRECTORS(DirID,Name,PlaceOfBirth, ShortBio)

MOVIES(MovID,Title,Year,Duration,Genre)

AWARDS(AwID,Type,Category)

AWARDED-WITH(DirID,AwID,Year,Type)

DIRECTOR-OF(DirID,MovID)
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Table 2. Example 1 database values

DIRECTORS

DirID Name PlaceOfBirth ShortBio

D1 Woody Allen New York, USA ex/waBio.pdf

D2 Theo Angelopoulos Athens, Greece ex/taCV.pdf

MOVIES

MovID Title Year Duration Genres

M1 Manhattan Murder Mystery 1993 104 Comedy

M2 Eternity and a day 1998 137 Drama

AWARDS

AwID Type Category

A1 BAFTA Film Award Best Actress in a Supporting Role

A2 Cannes Film Festival Palme d’Or

AWARDED-WITH

MovID AwID Year Type

M1 A1 1995 Nomination

M2 A2 1998 Win

DIRECTOR-OF

DirID MovID

D1 M1

D2 M2

for the nature of the entity that the specific symbol stands for (individual, con-
cept, property, relationship, constant or datatype). An alternative of relational
modelling is the object-oriented one that focus on representing thing descrip-
tions in a clear syntactic form of statements classifying things to categories and
describing their properties and roles (for example manhattan is a feature film, a
comedy, has director ‘Woody Allen’ etc.). The first ingredient of this modelling
is the use of an extended set of names that is clearly distinguished into three
subsets, the individual, the concept and the role names. It constitutes the vocab-
ulary or the terminology of the data representation. The second ingredient is
the use of very simple syntax rules: statements classify individuals to concepts,
based on their properties or relations to other individuals. Then, data access is
based on queries that use the vocabulary to formally describe conditions and
bring ‘individuals that are members of a specific class’.

Definition 2. Let L = 〈IN,CN,RN〉 be a vocabulary, i.e. mutually disjoint sets
of names for individuals, concepts and roles of the world, respectively. We call
individual equality assertion the statement a ≈ b, individual inequality assertion
the statement a �≈ b, concept assertion the statement A(a) and role assertion
the statement r(a, b), where a, b ∈ IN, A ∈ CN and r ∈ RN. A set of (equality,
inequality, concept or role) assertions is called assertion box or simply ABox.
The set of names involved in the assertions of an ABox A is the signature of A,
written as Sig(A).
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Let VN be a set of variable names, taking values on IN. An atomic query
for the ABox A is an expression of the following forms (the symbol | is used to
summarise alternatives):

q = C(a) | r(a, b) (1)

q(x) = C(x) | r(x, a) | r(a, x) (2)

q(x, y) = r(x, y) (3)

where C ∈ CN, r ∈ RN a, b ∈ IN, x, y ∈ VN are concept, role, individual and
variable names, respectively. We refer to the individual names involved in the
query as constants. We refer to the set of the variables of a query q with var(q).
In case the query has no variable (form 1), it is called boolean.

A conjunctive query is an expression of the form:

q(x) = {q1, ..., qn}, (4)

where qi, i ∈ Nn are atomic queries. q(x) is the head and {q1, ..., qn} is the
body of the query. We say that x is the variable vector of q and its elements
are called answer variables. The set of answer variables is written as avar(q).
Answer variables should be also in the body (in at least one qi). The variables
appear in the body of q and not in its head are called free variables (fvar(q)
is the set of free variables). The free variables that appear at least twice are
called existential join variables (the set of existential join variables is written as
ejvar(q)). A conjunctive query with no answer variables is called boolean.

Example 2. [example 1 cont.] Table 3 presents an ABox representing information
from the movies domain, also contained in the database example of the previous
section (see Table 2). In particular, the set of assertions

A = {α1, α2, ..., α8}

describes individuals like manhattan, woodyAllen and their properties, for exam-
ple it is stated that manhattan is a Comedy (assertion α1). The same information
can be extracted from the database (the first record of the structure Movies,
that has title manhattan, has the value Comedy in the field Genre). Additionally,
the Abox contains information for the individual interrelationships, for example
the assertion hasDirector(manhattan, woodyAllen) states that ‘Woody Allen is a
director of the movie ‘Manhattan Murder Mystery’. It is not difficult to see that
this information is also in the database, in a more complicated manner, specifi-
cally from the first record of the structure DIRECTOR-OF we find the keys and
then we get the names from the structures DIRECTORS and MOVIES. Suppose
now that we would like to find all directors of comedies (the same query as in
Example 1), from the information of ABox. The conjunctive query

q(x) = {Director(x), isDirector(x, y),Comedy(y)}, (5)

uses the ABox signature, in particular the concepts Director, Comedy and the role
isDirector. In this case, x is an answer variable and y a free variable, specifically an
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existential one. Intuitively, the answer that we would get is woodyAllen, knowing
the meaning of the vocabulary names. However, looking more carefully, this is not
the case, since it is not explicitly stated in the ABox that woodyAllen is a director
(although from assertion α2 we can conclude that since he has directed a movie,
he obviously is a director). In the next sections, we will see how this problem
can be handled by representing domain knowledge on the basis of terminological
axioms. ��

Table 3. ABox of Example 2

α1 Comedy(manhattan)

α2 hasDirector(manhattan,woodyAllen)

α3 FeatureFilm(manhattan)

α4 nominatedFor(manhattan, baftaBestActressSupporting)

α5 hasAward(eternityAndAday, cannesPalmeDor)

α6 woodyAllen �≈ theoAngelopoulos

The development of efficient disk-oriented storage and retrieval of ABoxes
has been an attractive area of research during the last years, especially in the
framework of the Semantic Web. As a result, several systems, known as triple
stores have been proposed in the literature, some of them really efficient. How-
ever, even state-of-the-art triple stores face difficulties when they try to scale to
big data. Moreover, in several applications, existing systems use relational data-
base management systems and it is difficult to swap to other technologies. Thus,
some applications call for vocabulary-based, semantic information access on the
one hand, with relational database storage on the other hand. This requirement
can be achieved with semantic databases, that need to connect the terms of
vocabularies with the information stored in the database.

Consider the first record of the structure MOVIES in Table 2, that stores
the fact that the movie with ID M1 and title ‘Manhattan Murder Mystery’
is an instance of the concept Comedy (defined in the vocabulary). The same
information is given in the ABox of Table 3 (assertion α1):

Comedy(manhattan). (6)

In order to represent the same information by simply connecting the individual
described in the database with the term Comedy, we need to first identify indi-
viduals that are described in the structure MOVIES and then filter only those
individuals that are instances of the class Comedy.

Definition 3. Let B be a database and F the set of fields of all structures of B.
An object identifier is a function id of any order n ≤ |F| defined as:

id(v1, v2, ...vn) = a, (7)
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where v1, v2,...,vn values form n fields of F and a ∈ IN an individual name.
Similarly, a concept classifier is a function ccl of order m ≤ |F| defined as:

ccl(v1, v2, ...vm) = C, (8)

where v1, v2,...,vm form m fields of F and C ∈ CN an individual name.
Finally, a role classifier is a function rcl of order k ≤ |F| defined as:

rcl(v1, v2, ...vk) = r, (9)

where v1, v2,...,vk form k fields of F and r ∈ RN an individual name.

Definition 4. Let B be a database and L a vocabulary, with IN, CN and RN the
set of names, concepts and roles, respectively. Let also p(x) be an SQL query
for B, id, ccl and rcl, individual, concept and role identifier, respectively, x a
nonempty variable vector on V, and q(y) an instance query. An expression of
the form:

p(x)
(id,ccl,rcl)� q(y) (10)

is a semantic mapping from the database B to the vocabulary L. A set of semantic
mappings, M, is a semantic mapping box or MBox.

The triple S = 〈L,B,M〉 is a semantic database.

The intuitive meaning of the identifiers id, ccl and rcl is the following. They
are used to define fresh names for individuals, concept and roles respectively,
if they are not already in the vocabulary. For practical reasons, these names
should be intuitive for humans (i.e. informative enough for humans to refer to
the specific entity) and uniquely identify the entity. id, ccl and rcl are necessary
in practice, since database IDs are not always appropriate as entity identifiers.
Indeed, database IDs do not fulfil the first requirement (they are not informative
for humans) and moreover, the entities described in the knowledge base are not
always formally identified in the database schema (see for example the award
category).

Example 3. [example 2 cont.] Following Examples 1 and 2, an identifier
dir(DIRECTORS.Name) can be defined as a function of order 1, that takes as
input the value of the field Name of the structure DIRECTORS (see Table 2) and
gives output object names, as:

dir(Woody Allen) = woodyAllen.

Moreover, the function mov can be defined similarly, as a function of order 1,
taking as input the title of a movie (or parts of it for simplicity reasons) to
define movie names, giving at the output for example manhattan as an movie
identifier for the movie ‘Manhattan Murder Mystery’. If the context suggest
for more information in the name to identify, the function mov could do so by
concatenating the title and the first release date:

mov(MOVIES.Title,MOVIES.Year)
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giving the output:

mov(Manhattan Murder Mystery, 1993) = manhattanMurderMystery1993.

Finally, we define the semantic mapping

m : SELECT DIRECTORS.Name
FROM DIRECTORS,MOVIES,DIRECTORS-OF
WHERE DIRECTORS.DirID = DIRECTORS-OF.DirID

MOVIES.MovID = DIRECTORS-OF.MovID
MOVIES.Genre = “Comedy”


→ DirectorOfComedy(dir(x)),

(11)

that maps to the concept DirectorOfComedy. In this case, we can get the assertion

DirectorOfComedy(woodyAllen),

since Woody Allen is the only answer to the SQL query of the mapping (11). ��

Definition 4 presents a simple form of semantic mappings. More general
mapping frameworks, especially mapping relational databases to terminolo-
gies have been studied in the literature, especially in the framework of data
integration [4–6].

3 Ontological Data Descriptions

Information retrieval using vocabularies and semantic data forms a basis for
user friendly systems, however it does not meet all user requirements. Users
sometimes expect that the system will employ logical procedures during the
retrieval process in order to be more precise and effective. For example, users
expect that ‘directors’ should be answers to a query that asks for ‘creators’,
simply because ‘all directors are creators’. Formal knowledge representation can
be very helpful within this context, enriching the vocabularies with additional
terms (not directly mapped to the data, but connected with other entities that
are mapped), and expressing the restrictions of the domain that are helpful
during the data retrieval process. Ontologies expressed in Description Logics
play an important role here, as a rich terminological knowledge representation
framework, supported by efficient automated reasoning services [7–12].

Definition 5. Let IN, CN and RN be mutually disjoint sets of individual, concept
and role names, respectively.

A role r ∈ RN is a named role expression or atomic role. Let r, s be atomic
roles. The expressions r−, r ◦s, recursively defined using the role constructors −

(inverse role constructor) and ◦ (role composition constructor), are role expres-
sions or complex roles or simply roles. Moreover, we use the symbol U for the
universal role.
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A concept C ∈ CN is a named concept expression or atomic concept. Let
C, D be atomic concepts, r an atomic role, a an individual name and n a nat-
ural number. The expressions ¬C, C � D, C � D, ∃r.C, ∀r.C, ≥nr.C, ≤nr.C,
{a}, recursively defined using the concept constructors ¬ (negation), � (con-
junction), � (disjunction), ∃ (existential), ∀ (universal), ≥ n (at-least number
restrictions), ≤ n (at-most number restrictions), {} (nominal), are called con-
cept expressions or complex concepts or simply concepts. Moreover, � (named
Top) and ⊥ (named Bottom) are concepts. Finally, Self can be used in expres-
sions of the form ∃r.Self.

An expression of the form C � D (C ≡ D) is a concept subsumption axiom
( concept equivalence axiom). Similarly, an expression of the form r � s (r ≡ s)
is a role subsumption axiom (role equivalence axiom).

A set of concept or role subsumption or equivalence axioms is a terminological
box or TBox or ontology. The individual, concept and role names used in the
axioms of a TBox T is the signature of T , written as Sig(T ).

The tuple K = 〈T ,A〉, where T is a TBox and A an ABox, with
Sig(T ),Sig(A) ⊆ IN ∪ CN ∪ RN is a knowledge base or simply knowledge, with
signature Sig(K) = Sig(T ) ∪ Sig(A).

Example 4. The set of axioms T = {τ1, τ2, ..., τ13}, where

τ1. Director � Creator,
τ2. Movie ≡ Film,
τ3. Director � Movie � ⊥,
τ4. Movie ≡ ShortFilm � FeatureFilm,
τ5. FeatureFilm ≡ Film � LongFilm,
τ6. FeatureFilm ≡ Film � ¬ShortFilm,
τ7. Director ≡ ∃isDirector.Movie,
τ8. Movie � ∀hasDirector.Director,
τ9. MultiAwardWinning ≡≥ 3hasAward.MajorAward,
τ10. � � ∀hasDirector.Director,
τ11. hasDirector � hasCreator,
τ12. isDirector ≡ hasDirector−,
τ13. hasCollaboration � isDirector ◦ hasActor,

is a TBox, with signature

Sig(T ) = {Director,Creator,Movie,Film,ShortFilm,FeatureFilm,
LongFilm,MultiAwardWinning,MajorAward,
isDirector, hasDirector, hasAward, hasCreator,
hasCollaboration, hasActor, hasRunningTime}.

Axioms τ1, τ3, τ8 and τ10 are concept inclusion axioms, τ2, τ4–τ7 and τ9 are
concept equivalence axioms, τ11 and τ13 are role inclusion axioms and τ12 is a
role equivalence axiom. ��

Ontologies and knowledge bases are practically useful because reasoning ser-
vices can extract logical entailments of their axioms, by applying simple semantic
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rules. For example, based on the TBox of Example 4 we can conclude using sim-
ple reasoning rules that if an individual a is director of an individual b that has
actor an individual c, then a is a director, b is a movie and a has a collaboration
with c. Consequences like the above, are based on formal semantics of axioms and
assertions.

Definition 6. Let K = 〈T ,A〉 be a knowledge base, with signature Sig(K) ⊆
IN∪CN∪RN, where IN, CN, RN mutually disjoint sets of individual, concept and
role names, respectively. Interpretation of the knowledge, is a tuple J =

〈
ΔI , ·I

〉
,

where ΔI a nonempty (possibly infinite) set of objects, called domain and I the
interpretation function, that maps elements of K to ΔI structures as follows:

– Individuals are interpreted as elements of ΔI , i.e. if a ∈ IN , then aI ∈ ΔI .
– Atomic concepts are interpreted as subsets of ΔI , i.e. if A ∈ CN, then AI ⊆

ΔI .
– Atomic roles are interpreted as subsets of ΔI × ΔI , i.e. if r ∈ RN, then

rI ⊆ ΔI × ΔI .
– Complex roles are interpreted as subsets of ΔI × ΔI ( (x, y) ∈ ΔI × ΔI)

recursively on their structure, as follows:
• For every x, y ∈ ΔI it is (x, y) ∈ UI .
• (x, y) ∈ (r−)I if and only if (y, x) ∈ rI .
• (x, y) ∈ (r ◦ s)I if and only if there exists z ∈ ΔI such that (x, z) ∈ rI

and (z, y) ∈ sI .
– Complex concepts are interpreted as subsets of ΔI , recursively on their struc-

ture, as follows:
• For every x ∈ ΔI it is x ∈ �I .
• There does not exist x ∈ ΔI such that x ∈ ⊥I .
• x ∈ (¬C)I if and only if x /∈ CI .
• x ∈ (C � D)I if and only if x ∈ CI and x ∈ DI .
• x ∈ (C � D)I if and only if x ∈ CI or x ∈ DI .
• x ∈ (∃r.C)I if and only if there exists y ∈ ΔI , such that (x, y) ∈ rI and

y ∈ CI .
• x ∈ (∀r.C)I if and only if for every y ∈ ΔI with (x, y) ∈ rI , it is y ∈ CI .
• x ∈ (≥ n r.C)I if and only if there exist at least n different elements

y1, ..., yn of ΔI such that (x, yi) ∈ rI and yi ∈ CI , i ∈ Nn.
• x ∈ (≤ n r.C)I if and only if there exist at most n different elements

y1, ..., yn of ΔI , such that (x, yi) ∈ rI and yi ∈ CI , i ∈ Nn.
• x ∈ (∃r.Self)I if and only if (x, x) ∈ rI .
• x ∈ {a}I if and only if x = aI .

The interpretation I of the knowledge K, satisfies:

– a concept assertion C(a) of A if and only if aI ∈ CI ,
– a role assertion r(a, b) of A if and only if (aI , bI) ∈ rI ,
– an individual equality a ≈ b of A if and only if aI = bI ,
– a concept inequality a �≈ b of A if and only if aI �= bI .
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An interpretation I satisfies an ABox A if and only if it satisfies all of its
assertions. In this case, we say that I is a model of A.

An interpretation I of a knowledge K, satisfies:

– a concept subsumption axiom C � D if and only if CI ⊆ DI ,
– a concept equivalence axiom C ≡ D if and only if CI = DI ,
– a role subsumption axiom r � s if and only if rI ⊆ sI ,
– a role equivalence axiom r ≡ s if and only if rI = sI .

The interpretation I satisfies the TBox T if and only if it satisfies all of its
axioms. Then, we say that I is a model of T . Additionally, I satisfies a concept
C of T , if and only if CI is nonemply.

Finally, the interpretation I satisfies the knowledge K (is a model of K ), if
and only if it is a model of both its Abox and Tbox. We say that K is satisfiable
if there exists a model of K.

Table 4. Complex concept and role semantics

Constructor Syntax Semantics

Top � ΔI

Bottom ⊥ ∅
Negation ¬C ΔI\CI

Conjunction C � D CI ∩ DI

Disjunction C 	 D CI ∪ DI

Existential ∃r.C {x | ∃y such that r(x, y)}
For-all ∀r.C {x | ∀y with r(x, y) it is C(y)}
At-least n ≥ n.C {x | ∃y1, ..., yn with yi �= yj , r(x, yi), i, j ∈ Nn}
At-most n ≤ n.C {x | � ∃y1, ..., yn+1 with yi �= yj , r(x, yi), i, j ∈ Nn+1}
Reflexivity ∃r.Self {x | it is r(x, x)}
Nominals {a} aI

Universal role U ΔI × ΔI

Inverse role r− {(x, y) | it is r(y, x)}
Role composition r ◦ s {(x, y) |∃z such that r(x, z) and s(z, y)}

A great advantage of DLs is that the expressive power of concept and role
constructors can be used in a pay-as-you-go manner. The more expressive the
language that is used in the axioms, the more difficult the problem of automated
reasoning. Less expressive DLs are supported by very efficient reasoning services
and are used in applications that need fast response, while more expressive ones
are used in applications where sophisticated reasoning is needed. We say that
the former DLs are of low expressivity, while the latters are very expressive.
An example of a very expressive DL is SROIQ [16] underpinning the Web
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Table 5. Semantics of concept and role axioms

Axiom Syntax Model condition

Concept assertion C(a) aI ∈ CI

Role assertion r(a, b) (aI , bI) ∈ rI

Individual equality a ≈ b aI = bI

Individual inequality a �≈ b aI �= bI

Concept subsumption C � D CI ⊆ DI

Concept equivalence C ≡ D CI = DI

Role subsumption r � s rI ⊆ sI

Role equivalence r ≡ s rI = sI

Ontology Language (OWL 2) [56], that uses all the constructors shown in Table 4.
Examples of tractable DLs underpinning some tractable fragments of OWL 2,
are DL-Lite [25,26], ELHI [27], and the DLP [17].

Automated reasoning for DLs has been studied by many researchers over
the past 20 years [9,13–15]. The work mainly focused to the development of
sophisticated algorithms and optimised systems for standard reasoning problems,
directly following the semantics. Finally, several systems have been implemented
for DL reasoning [18–21].

Definition 7. Let K = 〈A, T 〉 be a knowledge base with signature Sig(K) ⊆
IN ∪ CN ∪ RN, where IN, CN, RN mutually disjoint sets of individual, concept
and role names, respectively. Let C ∈ CN, α an assertion with Sig(α) ⊆ Sig(K)
and τ an axiom with Sig(τ) ⊆ Sig(K).

– Concept satisfiability The concept C is satisfiable in T , if and only if C is
satisfied in some model of T .

– Logical entailment of axioms The axiom τ is a logical entailment of T (we
write T |= τ), if and only if τ is satisfied in every model of T .

– ABox consistency The ABox A is consistent w.r.t. the TBox T , if and only
if there exists a model of T that is also a model of A.

– Logical entailment of assertions The assertion α is a logical entailment of K
(we write K |= α), if and only if α is satisfied in every model of K.

The above problems are not independent. An algorithm solving one of them
can be used to solve others, as suggested by the following proposition.

Proposition 1. Let K = 〈A, T 〉 be a knowledge base, C, D two concepts and a
an individual of K.

1. C is satisfiable in T , if and only if T |= C � ⊥.
2. It is T |= C � D, if and only if the concept C � ¬D is non-satisfiable in T .
3. It is K |= C(a), if and only if the ABox A ∪ {¬C(a)} is inconsistent w.r.t.

T .
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4. T entails that C is satisfiable in T , if and only if the ABox {C(b)} is consis-
tent w.r.t. the TBox T , where b is a fresh individual name.

The reasoning problems mentioned above are useful in applications where
data retrieval is based on terminological description of the domain. Among them,
the problem of logical entailment of assertions is of great importance. Indeed,
it is not difficult to imagine a (naive) algorithm that, given a concept C ∈
CN checks for every individual a ∈ IN whether K |= C(a) holds or not, thus
collecting all instances of C. This is a simple way to solve a problem that is called
instance retrieval, which is actually semantic query answering for very simple
query languages (only atomic concepts or roles). In the next, we will see how
this problem can be efficiently solved, depending on the DL expressivity, as well
as how it can be extended to conjunctive query answering over DL terminologies.

4 Semantic Data Access

Consider a semantic database S = 〈L,B,M〉, where L is a vocabulary with
IN, CN, RN the sets of individuals, concept and role names respectively, B a
database, and M a semantic mapping box. Assume also that we have a TBox
T with sig(T ) ⊆ IN∪CN∪RN and that we pose a conjunctive query of the form

q(x ) = {q1, ..., qn},

where q1, ..., qn are atomic queries for concepts and roles of CN and RN. Since
no explicit ABox is given, intuitively, to answer this query we need to find the
elements in B that satisfy the constrains of query q and TBox T , according to the
mappings defined in M. Thus, implicitly we assume that we have a knowledge
base K = 〈T ,A〉 with an ABox A, implicitly encoded in S.

For answering such conjunctive queries in practice, two different strategies
have been suggested. The first approach, following the above intuition, tries to
solve the problem by converting the semantic database into a knowledge base, i.e.
by computing explicitly the missing A from S using a forward-chaining proce-
dure. In this case, the problem of answering a query over the semantic database
can be solved as an instance retrieval problem. The second approach tries to
solve the problem in a backward-chaining manner by converting the conjunctive
query to an SQL query, using the TBox and the mappings. In this case, the
data retrieval problem is solved as a database access problem of answering SQL
queries. Both approaches have advantages and disadvantages, have been studied
extensively in the literature and have been used in several systems.

The process of converting a semantic database into a knowledge base is rela-
tively simple. Intuitively it can be described as follows: Starting from the map-
pings, we execute all SQL queries contained in the mappings, and record each
answer in an ABox A, specifically generated for this purpose. This conversion
can be performed efficiently, and it can be proved that it does not affect the
soundness and completeness of the answering system.
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The second approach is based on converting the conjunctive query, that is
expressed in terms of the TBox, into an SQL query, expressed in terms of the
underlying database schema. In particular, using the mappings defined in M,
we check if each atomic query of the conjunctive query q is the righthand side
of some element in M. If this is the case, then the respective SQL query is
transformed, so that its SELECT part returns the identifiers of the objects of the
variables of the database structure that correspond to query answer variables.
To complete the construction of the final SQL query from the individual SQL
queries specified in M, we join their FROM and WHERE clauses, and add in the
WHERE clause any necessary additional conditions for the joining, in the case
the same variable belongs to two different atomic queries. This approach does
not explicitly construct the ABox A.

In both approaches, we will not get the full, sound and complete, solution to
the semantic data retrieval problem, if we limit ourselves to retrieving simply the
instances of the atomic queries (in the first case) or to answering the SQL query
(in the second case). This is because, this process does not take into account the
information of the axioms in the TBox T , which encode additional knowledge
both explicit and implicit. If we take into account also T , a right answer to
the query should be compatible with a model of the implicit knowledge base
〈T ,A〉. However, unlike relational databases, a knowledge base may in general
have many models. So, we can consider as right answers to the query those
answers that depend only on the information contained in T , i.e. those that
are obtained by evaluating the query over a database compatible with T , but
independently of which is the actually chosen database [34]. This leads to the
following definition:

Definition 8. Let K = 〈T ,A〉 be a knowledge base and q(x) a conjunctive query
for the particular knowledge base, where x (of size n) are the answer variables.
Let also I be an interpretation for knowledge base K. An answer qI to the
conjunctive query q in I is the set of the individual vectors a, of size n, for
which we have that I |= q(a).

A vector of individuals c of size n is a certain answer to q for K, if and
only if for each model I of K we have c ∈ qI . The set of certain answers to the
conjunctive query q is denoted by cert(q,K).

Based on the above definition, in order to solve the query answering problem,
we need to find the set of certain answers to q for 〈T ,A〉, i.e., not only the answers
obtained from the ABox directly derivable from S, but also the answers that are
obtained though the assertions that are consequences of the ABox, using the
axioms in TBox. Finding all these assertions is a reasoning problem, which can
be solved in two ways:

The first method, called materialization, or saturation is query-independent
and is performed as a data preprocessing step. In particular, it uses the TBox
T to extend the ABox A that has been derived directly from S, making thus
explicit all the implicit knowledge that can be derived from S and T . In this
way, when answering the query, the TBox in not needed any more, since its
contribution has already been recorded by extending the ABox.
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The second approach, called query rewriting, follows a different strategy and
does not modify the database. Instead, it starts from the query and extends it
using the TBox, trying to encode in this extension all the implicit knowledge
related with the atomic queries that appear in the query. Then, the extended
query is executed against the database, without needing the TBox. Of particular
practical significance are the cases where the extended query can be expressed as
an SQL query, so that it can be directly executed over the underlying relational
database B.

4.1 Implicit Knowledge Materialization

In the materialization approach introduced above, the contribution of the TBox
to answering a query is determined through the expansion of the ABox, i.e.
through computing and recording all relevant assertions. For this process to be
effective, it should be guaranteed that all of the implicit knowledge are con-
verted to explicit knowledge. In this case, the TBox is not any more necessary
for finding the certain answers to a query, and the query answering process
can be performed by simply retrieving the relevant individuals from the ABox.
Materialisation is very effective in some Description Logics, but impossible to
be applied on others [22]. In general, materialization applies a set of rules that
encode the consequences of the TBox axioms. These rules, depending on the
axiom expressions, add assertions for the ABox individuals, and if necessary,
add also new individuals in the ABox.

Example 5. Consider a TBox T that contains only the axiom

τ1. Director � Creator,

that for the database B of Table 2 M contains only the mapping

m1: SELECT DIRECTORS.Name
FROM DIRECTORS

→ Director(dir(x)),

where dir is the object identity function, and that we want to answer the query

q(x) = {Creator(x)}.

In order to answer q, we will first construct an ABox A that corresponds
to the materialization of B using M. This results in A = {α1, α2}, where
α1 is Director(woodyAllen) and α2 is Director(theoAngelopoulos). Next, we have
to extend A, using the axioms of T . This results in adding to A the asser-
tions α3. Creator(woodyAllen) and α4. Creator(theoAngelopoulos); these are the
results of applying τ1 on α1 and α2. In this way, the certain answers for the
new knowledge base K = 〈T ,A′〉, where A′ = {α1, ..., α4}, are the following:
cert(q) = {〈woodyAllen〉, 〈theoAngelopoulos〉}.
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Next, assume that we add to T the axioms

τ2. Director � ∃isDirector.Movie
τ3. Movie � ∃hasDirector.Director

and that we want to answer the same query q. In this case, when trying to
expand the initial A, we face the following problem: When we try to apply
the axiom τ2 on woodyAllen, which according to α1 is an instance of Director,
we have to add to the knowledge a new individual, say mov1, which will be
an instance of Movie and will be connected to woodyAllen through the role
isDirector. Thus, the following assertions will be added: α5. Movie(mov1) and
α6. isDirector(woodyAllen,mov1). Then we can apply the axiom τ3 on mov1,
and obtain the assertions α7. Director(dir1) and α8. hasDirector(mov1, dir1), after
adding the new individual dir1, in a way similar to mov1. After the addition of
the new assertions, we can apply axiom τ2 on the new individual dir1. This leads
to the addition of a new individual mov2 for which we will then have to apply
again axiom τ3 to add a new individual dir2, etc. Hence, the process will not
terminate.

As the above example shows, materialization cannot be applied to expressive
Description Logics because it does not always terminate. Problems arise also in
ontology languages with disjunction, which leads to alternative ABoxes, which
are difficult to handle. For these reasons, materialization can be applied more
successfully to Description Logics that do not allow representation of disjunctive
knowledge and in which no references to new individuals are needed. Languages
that do not allow representation of disjunctive knowledge have been studied
extensively within the first-order logic framework and are known as Horn Logic.
Accordingly, the Description Logics exhibiting similar properties are called Horn
Description Logics and play an important role in developing practical semantic
retrieval systems.

In such Description Logics, the inference procedure needed to perform the
materialization can be encoded in a set of inference rules: the initial ABox is
saturated by repeatedly applying the rules to the available data until no fresh
data are derived. Optimizations can be applied on this naive approach, so as
to avoid redundant derivations. The OWL 2 RL profile is a subset of OWL 2
designed specifically to allow reasoning using such a rule-based implementation.

A rule language that is commonly used to capture the consequences of TBox
axioms is datalog [2], which is particularly useful because it underlies deductive
databases.

Definition 9. [adapted from [2]] A datalog rule is an expression of the form

R1(u1) ← R2(u2), . . . , Rn(un),

where n ≥ 1, R1, . . . , Rn are relation names and u1, . . . ,un are tuples of appro-
priate arities. Each variable occurring in u1 must occur in at least one of
u2, . . . ,un. A datalog program is a finite set of datalog rules.
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Using datalog, the TBox is converted into a datalog program that is executed
to generate the inferred assertions. There are several systems that perform rule-
based reasoning and materialization over OWL 2 RL knowledge bases using
datalog or other rule-based methodologies, such as Apache Jena, Oracle 11g,
GraphDB (formerly OWLIM) [24] and RDFox [23].

4.2 Query Rewriting

The query rewriting approach is based on the premise that the answers to a
conjunctive query are affected by the axioms of the TBox that are related in
some way with the query. Since the conjunctive query is a set of atomic queries,
it is obvious, as a starting point, that any axiom that involves a concept or a role
that is used in the conjunctive query is related with the query. Of course, other
axioms may also affect the answers to the query. Hence, if we could encode in
some way in the query itself, or to an expansion of it, the way that all relevant
axioms affect the answers to the query, then we could possibly ignore the TBox.

Example 6. Consider the TBox T = {τ1, τ2, τ3, τ4} where

τ1. Director � Creator,
τ2. Movie � Film,
τ3. isDirector � isCreator,
τ4. MovieDirector � ∃isDirector.Movie.

First, assume that we want to answer the query q1(x) = {Creator(x)}. Since
τ1 tells us that all Directors are Creators, the axiom is relevant to the query.
In order to ‘encode’ it into the query, we need to produce the additional query
q1a(x) = {Director(x)}, by ‘replacing’ Creator with its subconcept Director, so as
to guarantee that we will retrieve also the individuals that have been declared to
be directors but not creators. So, we can consider as answers to the original query
q1 the answers to both q1 and q1a, i.e. the answers to the query set Q = {q1, q1a}.
Given Q, we do not need to consider any more τ1 when answering the query.
The encoding of τ into q1 gave rise to the set of conjunctive queries Q, which is
called union of conjunctive queries.

Now, assume that we want to answer the query q2(x) = {isCreator(x, y),
Film(y)}. By applying the same idea, we see that now τ2 and τ3 are relevant
to the query and we can use them to extend the initial query, to produce the
queries q2a(x) = {isDirector(x, y),Film(y)}, q2b(x) = {isCreator(x, y),Movie(y)}
and q2c(x) = {isDirector(x, y),Movie(y)}. Similarly to the first query, we con-
structed the new queries by ‘replacing’ the concepts and roles of the original
query with their subconcepts and roles; in this case, however, we have to take
also their combinations.

At this point, we note that τ4, that tells us that a MovieDirector is a director
of movies, is now also relevant to the query, and we can use it in conjunction
with the query q2c to obtain the additional query q2d(x) = {MovieDirector(x)}.
In this case we did not just ‘replace’ a concept or role of the original query with
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a subconcept or subrole, but we had to combine a concept and a role into a
new concept, using a TBox axiom. Thus, in this case the answers to q2 can be
obtained by answering the union of conjunctive queries {q2, q2a, q2b, q2c, q2d}.

Building on the idea illustrated in the above example, the query rewriting
approach to query answering over semantic databases is to transform the query
q using the TBox T into a set of sentences R, which is called rewriting, such
that for any Abox A the answers to q w.r.t. A and T coincide with the answers
to q w.r.t. A and R discarding T [25,27]. More formally [30]:

Definition 10. Let q be a conjunctive query, and T a TBox. A rewriting R of
q w.r.t. T is a datalog program whose rules can be partitioned into two disjoint
sets RD and Rq, such that RD does not mention q, Rq is a union of conjunctive
quries with query predicate q, and where for each A consistent w.r.t. T and using
only predicates from T we have:

cert(q, T ∪ A) = cert(Rq,RD ∪ A).

In Example 6, the rewriting of q was a union of conjunctive queries, and
RD = ∅. In this case the rewriting can be answered over a semantic database
〈L,B,M〉 and a TBox T , for a relational database B, directly by using the
mappings in M to transform the union of conjunctive queries into an SQL query
that can be executed directly over B. As the above definition states, however, in
the general case the rewriting R is a datalog program. In this case, a scalable
deductive database system capable of executing the datalog part of the rewriting
is needed on top of database B.

Most of the current query rewriting systems use resolution-based calculi to
compute rewritings. In this approach, the TBox axioms are first transformed
into a set of Horn clauses, which, together with the query, are then saturated
using resolution to derive new clauses. (A Horn clause is a clause that has at
most one positive literal, and hence can be written as a logic rule with one head
atom).

Example 7. The axioms in the TBox of Example 6 can be transformed into the
following first-order clauses:

π1. Creator(x) ← Director(x),
π2. Film(x) ← Movie(x),
π3. isCreator(x, y) ← isDirector(x, y),
π4a. isDirector(x, f(x)) ← MovieDirector(x),
π4b. Movie(f(x)) ← MovieDirector(x).

The conjunctive query q2(x) can be rewritten as the clause

q2. q(x) ← isCreator(x, y) ∧ Film(y)

Resolving q2 with π3 and π2 we get queries q2a and q2b, respectively, and by
resolving q2a with π2 we get q2c, which in clause form is

q2c. q(x) ← isDirector(x, y) ∧ Movie(y).
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Proceeding and resolving q2c with π4a and π4b, respectively, we get the clauses

q2c1. q(x) ← MovieDirector(x) ∧ Movie(f(x))
q2c2. q(x) ← isDirector(x, f(x)) ∧ MovieDirector(x)

Resolving either q2c1 with π4b or q2c1 with π4a, we get q(x) ← MovieDirector(x, y),
i.e. query q2d.

The above example illustrates some of the key ideas in using resolution-based
calculi for computing query rewritings. First, in the clausification step, i.e. in the
conversion of the TBox to first-order clauses, the resulting clauses may either
contain function terms or be function-free. Because of this, during the resolution
process, intermediate clauses containing function terms may be derived, which
should not included in the rewriting; the final rewriting consists only of function-
free clauses. The number of such intermediate clauses that are produced and then
discarded, but are potentially necessary to derive other clauses of the output
rewriting, may be large and may even contain compositions of function terms.
An intermediate non function-free clause may even not contribute at all to the
derivation of new function-free clauses, as would be the case in the above example
for clause q2c1 if π4b was not part of T .

Second, the size of the rewriting may be large, since it is necessary to pre-
form all resolution steps in order to derive all clauses that contain all possible
combinations of the subconcepts and subroles that can take the place of the
atomic queries in the original query. In our particular example, with two atomic
queries in the original query and two subconcept/subrole axioms we obtained
four conjunctive queries in the rewriting. In general, the size of the resulting
rewriting may be exponentially larger than the size of the initial query and the
TBox.

Third, some of the intermediate clauses and output conjunctive queries may
be computed several times, through different resolution chains. In the above
example, q2d has been obtained twice after resolving q2c1 with π4b and q2c2 with
π4a. This means that during the resolution process many redundant recompu-
tations may take place that do not contribute anything to the final rewriting.
This negatively affects the efficiency of the rewriting process.

Finally, the exhaustive application of the resolution rule may create long
derivations of clauses that are eventually subsumed by other clauses, and hence
do not need to be included in the output rewriting. E.g. if in the above example
the initial query was q(x) ← Film(x) ∧ Movie(x), the resolution process would
produce q(x) ← Movie(x), which subsumes the initial query; a compact rewriting
should include the latter, but not the initial query.

The existence of a rewriting and whether it is possible to compute a rewriting
that is a pure union of conjunctive queries part depends on the expressivity of the
TBox. Computing rewritings has been studied for various ontology languages,
in particular for ontologies expressed in ELHI, Horn-SHIQ and in the DL-Lite
family of languages. The DL-Lite family of languages introduced in [25] is essen-
tially the maximal language fragment exhibiting the desirable computational
properties that allows the construction of rewritings that can be expressed as
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unions of conjunctive queries, and hence the direct delegation of query answering
to a relational database engine. In general, for the ELHI and Horn-SHIQ lan-
guages, rewritings containing a datalog part are produced, and hence a deductive
database system is needed on top of the underlying relational database.

The first algorithm for computing rewritings for the DL-Lite family was pro-
posed in [25] and implemented in the QuOnto system, which later evolved to
Presto [26] and Mastro [5]. The algorithm encodes the TBox axioms as a set of
custom rewriting rules, that are applied backwards on the query, and systemat-
ically replace concepts and roles in the query by concepts and roles that imply
them. QuOnto does not produce a compact rewriting; the size of the produced
rewriting can be very large and include many clauses subsumed by other clauses,
which do not contribute anything to the query answers. Presto avoids this prob-
lem and generates a non-recursive datalog program instead of a union of con-
junctive queries as a rewriting for DL-Lite ontologies. This essentially hides the
exponential size of the rewriting inside the datalog rules. Requiem [27] proposed
a resolution based approach, which rewrites the initial conjunctive query to a
union of conjunctive queries which is, generally, smaller in size than the rewrit-
ing produced by QuOnto because systematic subsumption checking is applied to
remove redundant clauses and produce a compact rewriting. Requiem supports
also ELHI ontologies, for which it produces datalog rewritings. Rapid [29,30],
which we will discuss in detail later, carefully applies an optimized resolution-
based rewriting technique only in cases that lead to the generation of useful,
non-redundant conjunctive queries, avoiding in this way many query subsump-
tion tests. Of course, although the optimization techniques reduce the size of
the rewriting in many practical cases by avoiding redundancies, the size of the
rewriting remains worst case exponential in the size of the original query and the
Tbox. Rapid supports also ELHI TBoxes, for which it produces datalog rewrit-
ings. Several other practical rewriting system have been developed for DL-Lite,
including Quest [28], Nyaya [35], IQAROS [36], and Ontop [37]. Query rewrit-
ing techniques have also been developed for the more expressive Horn-SHIQ
language in the Clipper system [31].

4.3 The Rapid Query Rewriting System

Rapid is an optimized resolution-based query rewriting system, which tries to
avoid or to minimize the effects of the problems inherent in the general resolution
process outlined above. The general idea on which it is based is to constrain the
resolution process in such a way so as to avoid the production of clauses that
will later be discarded and not included in the final rewriting, either because
they are non-function-free or because they are subsumed by others. Avoiding
the production of such clauses early, helps to avoid redundant resolution steps
later in the process. Originally it was developed to support DL-LiteR ontologies
[29], subsequently it has been extended to support ELHI ontologies [30], and
currently it is being extended for Horn-SHIQ ontologies.
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Rapid for DL-LiteR. We will start the exposition of Rapid, discussing the
query rewriting algorithm for DL-LiteR, a DL-Lite family language. As in any
resolution-based query rewriting algorithm, the first part is the conversion of the
TBox axioms to first-order clauses. Table 6 shows the axioms that are allowed
in DL-LiteR and their corresponding first-order clause form, which we call DL-
LiteR clauses. Note that for each occurrence of a concept of the form ∃R.B in
the righthand side of a concept subsumption axiom, a distinct function symbol
is used in the respective clauses. Thus, the same function symbol can occur at
most twice in the clausified TBox.

Table 6. DL-LiteR axioms and their translation to clauses

Axiom Clause

B � A A(x) ← B(x)

∃R � A A(x) ← R(x, y)

∃R− � A A(x) ← R(y, x)

A � ∃R.B R(x, f(x)) ← A(x)

B(f(x)) ← A(x)

A � ∃R−.B R(f(x), x) ← A(x)

B(f(x)) ← A(x)

P � R R(x, y) ← P (x, y)

P � R− R(x, y) ← P (y, x)

The core part of Rapid implements a controlled resolution-based derivation
process over the clausified TBox and a given conjunctive query. The crucial dif-
ference between Rapid and other resolution-based systems, such as Requiem,
is that Rapid implements the resolution step by using as main premise always
the initial conjunctive query or a query derived from it, and as side premise,
or premises, clauses of the original clausified TBox T , and not clauses that are
resolvents of clauses of the clausified T (i.e. of the saturation of the clausified T ).
The obvious benefit is that the clausified TBox is much smaller than its satura-
tion. Moreover, Rapid performs in a controlled way resolution with the clauses
of the clausified TBox that contain function symbols, taking advantage of the
fact that the clausified TBox contains at most two clauses with the same func-
tion symbol. Finally, Rapid never produces, as resolvents, clauses than contain
function symbols.

Formally, Rapid for DL-LiteR employs the Ilite resolution-based inference
system, given in the following definition (all definitions in this section are adapted
from [30]):

Definition 11. Let q be a conjunctive query. Ilite is the inference system that
consists of the following inference rules:
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– Unfolding:

q C
q′σ

where

1. the side premise C is a DL-LiteR clause,
2. q′σ is function-free resolvent of q and C, and
3. if x 
→ f(y) ∈ σ, then x �∈ ejvar(q).

– Shrinking:

q C1 [C2]
q′σ

where

1. the side premises C1 and the optional C2 are DL-LiteR clauses,
2. q′σ is a function-free resolvent of q, C1 and C2, and
3. there exists some x 
→ f(y) ∈ σ such that x ∈ ejvar(q).

The rewriting of a conjunctive query q w.r.t to a DL-LiteR TBox T is the set of
all the (function-free) clauses derivable from q and the clausified T by Ilite.

The unfolding rule represents standard resolution inferences with a function-
free resolvent. Since this rule essentially ‘replaces’ an atomic query of q with a
subconcept or a subrole, the resolvent has the same size with the main premise
of the query (unless the replacement already exists in the main premise). Hence
this rule ‘unfolds’ the main premise.

The shrinking rule represents a controlled resolution process involving clauses
with function symbols that eventually leads to a function-free resolvent. In par-
ticular, it represents a chain of inferences q, q1, . . . , qn, q′, where q is a function-
free conjunctive query, q1 contains a function symbol, and the subsequent infer-
ences eliminate all occurrences of the function symbol until the function-free
conjunctive query q′ is obtained. Because a function symbol f can occur in at
most two DL-LiteR clauses, these inferences can involve at most the two differ-
ent side premises that mention f (which according to Table 6 can only be of the
form R(x, f(x)) ← B(x) and A(f(x)) ← B(x)). Furthermore, since the resolvent
is function-free, the variable of the query q that has been bound to the function
symbol is eventually eliminated, and since DL-LiteR clauses do not introduce
new variables in their bodies, the resolvent has fewer variables than the main
premise. Hence this rule ‘shrinks’ the main premise.

Ilite produces a union of conjunctive queries since all queries in the rewriting
are clauses having the query predicate as head. It can be proved that Ilite is
correct, in the sense that it terminates and that it computes indeed a rewriting
for obtaining the certain answers of q.

Example 8. In Example 7, the resolution of q2 and π3 to derive q2a is an appli-
cation of the unfolding rule:

q(x) ← isCreator(x, y) ∧ Film(y) isCreator(x′, y′) ← isDirector(x′, y′)
q(x) ← isDirector(x, y) ∧ Film(y)
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with σ = {x′ 
→ x, y′ 
→ y}. Similarly we obtain q2b from q2 and π2. The
resolution of q2a and π2 to derive q2c is also an application of the unfolding rule:

q(x) ← isDirector(x, y) ∧ Film(y) Film(x′) ← Movie(x′)
q(x) ← isDirector(x, y) ∧ Movie(y)

with σ = {x′ 
→ y}.
Then, conjunctive query q2d can be derived from q2c using the shrinking rule

and π4a and π4b as side premises:

q(x) ← isDirector(x, y) ∧ Movie(y)
isDirector(x′, f(x′)) ← MovieDirector(x′)

Movie(f(x′)) ← MovieDirector(x′)
q(x) ← MovieDirector(x)

with σ = {y 
→ f(x), x′ 
→ x}, and y is the variable that is eliminated from q2c.
The application of the shrinking step on clause q2c to derive directly q2d

corresponds to a double saving, since it does not only avoid the production of
the intermediate clauses q2c1 and q2c2, but also produces q2d only once.

Although Ilite avoids many eventually unneeded resolution steps, it does not
always avoid the production of redundant queries, i.e. of queries that are sub-
sumed by others and do not need to be included in the final rewriting. Checking
queries for subsumption after all queries have been generated, in order to pro-
duce an as compact rewriting as possible, is very expensive and may lead to
poor rewriting times. Redundant queries can be produced by the unfolding rule
because different chains of applications of the unfolding rule on different atoms
of the main premise may produce the same clause. Moreover, an unfolding may
replace an atom of the main premise with an atom that already exists in the
main premise, hence reducing the size of the query. In such a case the resolvent
subsumes all queries of greater size that are supersets of the resolvent. Finally,
queries produced using the shrinking rule are likely to subsume queries produced
by the unfolding rule, since they ‘shrinked’ queries are shorter.

To efficiently address some of the above issues, the practical implementation
of Rapid does not explicitly construct the queries that should normally be pro-
duced using the unfolding rule. Instead, it computes a structure that holds all
the information that is needed to construct all queries derivable by the unfold-
ing rule from the same starting conjunctive query. After this structure has been
constructed, a redundant-free set of the queries unfoldings can automatically be
generated.

Definition 12. Let T be a DL-Lite TBox, q a conjunctive query, and A an atom
of q. Let qA be the query having A as body and avar(qA) = var(A)∩ ejvar(q). The
unfolding set of A w.r.t. q and T is the set that contains all atoms that are bodies
of the queries derivable from the clausified T and qA using only the unfolding
rule, including the atom A.

For a query q, the unfolding sets of its atoms fully represent the queries that
can be derived from q by unfolding. Indeed, all such queries can be constructed
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by taking all possible combinations of atoms from the respective unfolding sets.
However, the unfolding sets allow the generation of the minimum number of
queries that represent all unfoldings of q, i.e. the generation only of the unfoldings
that are not subsumed by other unfoldings and hence are redundant. This can be
done by scanning the respective unfolding sets and cross checking for the presence
of identical atoms (up to variable renamings) in the unfolding sets corresponding
to different atoms of the query body, while producing the set of unfoldings. This
process essential performs subsumption checking in a much more efficient way
because it does not check for subsumption whole clauses, but carefully recasts
the problem to comparing individual atoms.

Clearly, depending on the particular TBox and query, this step can still result
in an exponential number of queries in the rewriting. As in other query rewrit-
ing systems, this exponential behaviour can be hidden by producing a datalog
rewriting instead of a union of conjunctive queries rewriting. Rapid provides also
this option; in this case the rules of the datalog program essentially encode the
non explicitly generated unfoldings.

Example 9. For query q2 of Example 7, Rapid calculates unfolding sets for atoms
isCreator(x, y) and Film(y), which are the sets {isCreator(x, y), isDirector(x, y)}
and {Film(y),Movie(y)}, respectively. These are then used to actually generate
the queries q2, q2a, q2b and q2c. Recall from Example 6 that the rewriting of q2
as a union of conjunctive queries is {q2, q2a, q2b, q2c, q2d}. If we choose not to
explicitly perform the unfoldings and produce a datalog program instead, the
rewriting would be {q2, π2, π3, q2d}.

Rapid for ELHI. Moving from the DL-Lite family of languages to the ELHI
language, we loose the property that the rewriting can always be a union of
conjunctive queries. Table 7 shows the permissible axioms in ELHI and their
clausifications, which we call ELHI clauses.

Table 7. ELHI axioms and their translation to clauses

Axiom Clause

B � A A(x) ← B(x)

B � C � A A(x) ← B(x) ∧ C(x)

∃R � A A(x) ← R(x, y)

∃R− � A A(x) ← R(y, x)

A � ∃R.B R(x, f(x)) ← A(x)

B(f(x)) ← A(x)

A � ∃R−.B R(f(x), x) ← A(x)

B(f(x)) ← A(x)

∃R.C � A A(x) ← R(x, y) ∧ C(y)

∃R−.C � A A(x) ← R(y, x) ∧ C(y)

P � R R(x, y) ← P (x, y)

P � R− R(x, y) ← P (y, x)



Ontological Query Answering over Semantic Data 53

The essential difference with respect to DL-LiteR is the permission of axioms
of the form ∃R.C � A, whose clausification takes the form A(x) ← R(x, y)∧C(y).
The distinguishing property of such clauses, which are called RA-clauses, is that
when used as side premises of an inference they can produce resolvents containing
more variables than the main premise. If there is a cyclicity in the axioms, this
can lead to termination problems. E.g. rewriting the query q(x) ← A(x) using
the clause A(x) ← R(x, y) ∧ A(y), produces the queries q(x) ← R(x, y) ∧ A(y),
q(x) ← R(x, y) ∧ A(y) ∧ R(y, z) ∧ A(z), etc. Hence, to guarantee termination,
the calculus for ELHI should not allow RA-clauses as side premises, but still
produce the clauses that are derivable by RA-clauses. It turns out that to achieve
this, the restriction not to perform resolution using clauses of the TBox as main
premises must be lifted.

Consider e.g. the clausified TBox c1. C(x) ← S(x, y)∧D(y), c2. S(f(x), x) ←
B(x) and c3. K(x) ← S(y, x)∧C(y), and the query q1. q(x) ← K(x) (the example
is adapted from [30]). By resolving c1 with c2 we get c4. C(f(x)) ← B(x)∧D(x),
by resolving c3 with c2 we get c5. K(x) ← B(x) ∧ C(f(x)), by resolving c5 with
c4 we get c6. K(x) ← B(x) ∧ D(x), and finally by resolving q1 with c6 we get
q1a. q(x) ← B(x) ∧ D(x). The crucial clause here is c4 which is needed to derive
the rewriting, but can be produced only by performing resolution on clauses of
the TBox. To account for this, the Rapid calculus for ELHI ontologies includes
a new inference rule, called function rule, which can produce clauses like c4 from
RA-clauses and clauses of the form of c2. It also extends the unfolding and
shrinking rules so as to allow also RA-clauses as main premises, in order to be
able to compute, e.g. clause c6 from c2, c3, and c4. Because the function rule
can produce clauses with function symbols in the head, there can now be more
than two clauses mentioning the same function symbol f . Hence, the extended
shrinking rule allows for arbitrary number of side premises.

Definition 13. Let Υ be either a conjunctive query or an RA-clause. With IEL
we denote the inference system consisting of the following rules:

– Unfolding:

Υ C
Υ ′σ

where

1. the side premise C is an ELHI, non RA-clause,
2. Υ ′σ is a function-free resolvent of Υ and C, and
3. if x 
→ f(y) ∈ σ then x /∈ ejvar(Υ ).

– n-Shrinking:

Υ C1 [C2 . . . Cn]
Υ ′σ

where

1. the side premises C1, . . . , Cn, n ≥ 1 are ELHI, non RA-clauses,
2. Υ ′σ is a function-free resolvent of Υ and all C1, . . . , Cn for n ≥ 1, and
3. some x 
→ f(y) ∈ σ exists such that x ∈ ejvar(Υ ).
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– Function:

B(x) ← R(x, y) ∧ [C(y)] R(f(x), x) ← A(x)
B(f(x)) ← A(x) ∧ [C(x)] or

B(x) ← R(y, x) ∧ [C(y)] R(x, f(x)) ← A(x)
B(f(x)) ← A(x) ∧ [C(x)]

where [C(y)] denotes an optional conjunction of atoms, all with argument y.

The rewriting of a conjunctive query q w.r.t a ELHI TBox T is defined as the
set of all function-free clauses derivable from q and the clausified T by IEL.

The function rule is not expected to ‘fire’ often in practice since it models a
rather complex interaction between a clause containing R(x, f(x)) or R(f(x), x)
and an RA-clause containing the inverse R(y, x), or R(x, y), respectively. In prac-
tice, the application of the IEL calculus on a conjunctive query q and a TBox T can
be performed in two steps. The first saturates T using IEL and only the RA-clauses
asmain premises. Then, the second step collects all nonRA-clauses from the clausi-
fied T and those produced in the previous step and uses them as side premises in
the unfolding and shrinking rules with main premises only query clauses.

Example 10. Consider the TBox T = {τ1, τ2, τ3, τ4} where

τ1. Director � Creator,
τ ′
2. Movie ≡ Film,

τ3. isDirector � isCreator,
τ ′
4. MovieDirector ≡ ∃isDirector.Movie.

The difference w.r.t. the TBox of Example 6 is that τ2 and τ4 have been
replaced by τ ′

2 and τ ′
4, respectively, where the subconcept relations have been

replaced by equivalence relations. These axioms can be transformed into the
following ELHI clauses:

π1. Creator(x) ← Director(x),
π′
2a. Film(x) ← Movie(x),

π′
2b. Movie(x) ← Film(x),

π3. isCreator(x, y) ← isDirector(x, y),
π′
4a. isDirector(x, f(x)) ← MovieDirector(x),

π′
4b. Movie(f(x)) ← MovieDirector(x)

π′
4c. MovieDirector(x) ← isDirector(x, y) ∧ Movie(y).

Consider that we want to answer the query q3 = {MovieDirector(x)}, which in
clause form is q3(x) ← MovieDirector(x). To apply IEL, we need to saturate first
the clausified TBox using only RA-clauses as main premises. The only RA-clause
is π′

4c, for which we can apply the unfolding rule with π′
2b as side premise:

MovieDirector(x) ← isDirector(x, y) ∧ Movie(y) Movie(x′) ← Film(x′)
MovieDirector(x) ← isDirector(x, y) ∧ Film(y)
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with σ = {x′ 
→ y}. Let π5 be the resulting clause. The shrinking rule is
also applicable on π′

4c with π′
4a and π′

4b, but it produces a tautology which is
immediately discarded. No other resolution is possible using RA-clauses as main
premise, so we proceed by applying the rules using only query clauses as main
premise. Because no rule is applicable on q3(x) ← MovieDirector(x) with a non
RA-clause as side premise, the final rewriting is {q3, π

′
4c, π5}, where the dat-

alog part is {π′
4c, π5}. Note that if we did not perform explicitly the unfold-

ing, we could produce the equivalent rewriting {q3, π
′
4c, π

′
2a}. Note also that,

since no structural circularity exists in the TBox axioms, the rewriting could
also be expanded into a union of conjunctive queries. In this case, the rewriting
would be {q3, q3a, q3b}, where q3a(x) = {isDirector(x, y),Movie(y)} and q3b(x) =
{isDirector(x, y),Film(y)}.

5 Semantic Data Representation in the Web

This section provides a brief overview of the current technologies that allow the use
of the techniques discussed in the previous sections in real applications, in partic-
ular the construction of functional knowledge bases (i.e. of ABoxes and TBoxes)
that possibly use data from an underlying relational database and support query
answering. These technologies have been developed as part of the Semantic Web
and are now standards of the W3C (World Wide Web Consortium).

5.1 RDF

In Semantic Web applications ABoxes are represented using RDF [50], which is
a general framework for making statements about resources. An RDF statement
always has the structure <subject><predicate><object>, where the subject and
the object represent the two resources being related and the predicate represents
the type of the relationship. RDF statements are called (RDF) triples.

To represent an ABox as a set of RDF statements we need statements for
expressing concept and role assertions of the form C(a) and r(a, b), respectively,
where C is a concept, r a role, and a, b individuals. In RDF each concept, role
or individual is a resource having a IRI. Thus, assuming some namespace ns, a
concept assertion C(a) is represented by the triple

ns:C rdf:type ns:a

where rdf:type is a special property defined by the RDF standard (which can also
be shorthanded as a), and the role assertion r(a, b) is represented by the triple

ns:a ns:r ns:b

An RDF dataset, i.e. a set of RDF statements, is an RDF graph. RDF graphs
are stored in triple stores, which are databases specifically build for storing and
retrieving RDF triples.
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For writing down RDF graphs there exist several serializations, such as N-
Triples, Turtle, and RDF/XML. In our continuing example, assuming a namespace
cine corresponding e.g. to <http://image.ece.ntua.gr/cinemaOntology/>, the
triples stating that Woody Allen is a director and has directed the movie Man-
hattan can be written in Tutle syntax as following:

@prefix cine: <http://image.ece.ntua.gr/cinemaOntology/> .
@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#> .

cine:woodyAllen
cine:isDirector cine:manhattan;
rdf:type cine:Director.

5.2 OWL 2

In Semantic Web applications, concepts, roles, individuals and axioms between
them can be modeled using the OWL 2 language [56]. OWL 2 provides structures
for expressing all constructors and axioms of Tables 4 and 5. Because OWL 2 is
a very expressive ontology language (c.f. Sect. 3) and the use of its full expres-
sivity in real applications poses computational problems, OWL 2 provides three
profiles, which reflect compromises between expressivity and desirable computa-
tional properties. These profiles are OWL 2 QL, OWL 2 EL, and OWL 2 RL.
OWL 2 QL is based on the DL-Lite family of languages [25] and hence can be
used for answering conjunctive queries by translating them to SQL queries using
query rewriting, as discussed in Sect. 4.2 and avoiding materialization. OWL 2
EL is based on the ELHI language and OWL 2 RL on DLP [17]. As discussed in
Sect. 4.1, OWL 2 RL consequences can be modeled using rule-based techniques.

OWL 2 axioms can be written down as RDF triples and stored in a triple
store, along with other RDF triples corresponding to ABox assertions. In this
way, the triple store can represent a knowledge base of the form 〈T ,A〉. However,
in order for to guarantee that a set of OWL 2 axioms constitutes a TBox under
the model theoretic-semantics of Sect. 3, some additional syntactic conditions
must be imposed on the OWL 2 structures. These conditions are specified by
the OWL 2 Direct Semantics, and guarantee that the knowledge base is compat-
ible with the SROIQ language. OWL 2 ontologies that satisfy these syntactic
conditions are called OWL 2 DL ontologies.

There are several serializations of OWL 2, the more reader friendly of which is
the functional syntax. In this syntax, the TBox of Example 6 is written as follows:

Prefix(cine:=<http://image.ece.ntua.gr/cinemaOntology/>)
Ontology(<http://image.ece.ntua.gr/cinemaOntology/>

SubClassOf(cine:Director cine:Creator)
SubClassOf(cine:Movie cine:Film)
SubObjectPropertyOf(cine:isDirector cine:isCreator)
SubClassOf(cine:MovieDirector

ObjectSomeValuesFrom(cine:isDirector cine:Movie) )
)

http://image.ece.ntua.gr/cinemaOntology/
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5.3 R2RML

R2RML [57] is a language for expressing mappings from relational databases
to RDF datasets. Every R2RML mapping is constructed for a specific database
schema and target vocabulary. The input to an R2RML mapping is a relational
database that conforms to the database schema. The output is an RDF dataset,
that uses roles and concepts from the target vocabulary. R2RML mappings are
expressed as RDF graphs and written down in Turtle syntax.

R2RML allows us to model the semantic mappings defined in Sect. 4: L cor-
responds to the target vocabulary, B is the input relational database, and the
semantic mapping box M corresponds to the actual mappings defined in an
R2RML document. Note, however, that unlike Definition 4, R2RML mappings
cannot contain object identifier, and concept or role classifier functions, other
that the functions allowed by the SQL language supported by the underlying
database.

The mappings defined in an R2RML document is conceptual; An R2RML
implementation may either materialize the mappings, or access directly the
underlying database when answering queries. These two strategies correspond to
the options of explicitly converting the semantic database into an RDF dataset
representing the ABox, or of converting the queries to SQL queries without
explicitly constructing the ABox, that we have discussed in Sect. 4.

An R2RML mapping is defined as a set of mappings from logical tables to
sets of RDF triples. A logical table may be a database table, a view, or a valid
SQL query. Each individual mapping, which is called a triples map, is a rule
consisting of two main parts: (a) a subject map that generates the subject of
the RDF triples that will be generated from each logical table row, and (b)
one or more predicate-object maps that in turn consist of predicate and object
maps, which specify the predicates and the objects of the RDF triples that
will be generated for the respective subject. In the context of ABoxes, subjects,
predicates and objects should be IRIs, and the subject, predicate and object
maps should provide instructions on how to generate them. An example of a
mapping is the following:

1. Use the template http://image.ece.ntua.gr/cinemaOntology/{DirID} to gener-
ate the subject IRI from the DirID column of the DIRECTOR-OF table.

2. Use the constant IRI cine:isDirector as predicate.
3. Use the template http://image.ece.ntua.gr/cinemaOntology/{MovID} to gen-

erate the object IRI from the MovID column.

Expressed in R2RML the above mapping is the following:

@prefix rr: <http://www.w3.org/ns/r2rml#>.
@prefix cine: <http://image.ece.ntua.gr/cinemaOntology/>.

<#TriplesMap1>
rr:logicalTable [ rr:tableName "DIRECTOR-OF" ];
rr:subjectMap [
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rr:template "http://image.ece.ntua.gr/cinemaOntology/{DirID}";
rr:class cine:Director;

];
rr:predicateObjectMap [

rr:predicate cine:isDirector;
rr:objectMap [
rr:template "http://image.ece.ntua.gr/cinemaOntology/{MovID}";
];

].

The above R2RML document implements the mapping described above, and
in addition specifies that for each subject IRI a triple determining the subject
as being of type cine:Director should also be created. Another example is the
following R2RML mapping, which generates ABox assertions for the concept
DirectorOfComedy using an SQL query as logical table.

<#TriplesMap2>
rr:logicalTable [rr:sqlQuery "

SELECT DIRECTOR-OF.DirID,
FROM MOVIES, DIRECTOR-OF
WHERE MOVIES.MovID = DIRECTOR-OF.MovID AND

MOVIES.Genre =’Comedy’;".
rr:subjectMap [

rr:template "http://image.ece.ntua.gr/cinemaOntology/{DirID}";
rr:class cine:DirectorOfComedy;

].

5.4 SPARQL

The set of RDF triples that are stored in a triple store can be queried using
SPARQL [53]. A typical SPARQL query consists of two parts: a SELECT clause
that identifies the query answer variables, and a WHERE clause that provides the
basic graph pattern to be matched against the underlying RDF graph. The basic
graph pattern is a set of triple patterns. Triple patterns are like RDF triples but
the subject, the predicate or the object may be variables. Variables are names
preceded by a question mark. A simple SPARQL query is the following:

PREFIX cine: <http://image.ece.ntua.gr/cinemaOntology/>
SELECT ?s ?o
WHERE { ?s cine:isDirector ?o }

which will return the subject and the object of all triples having isDirector as
predicate. It corresponds to the conjunctive query q(x, y) = {isDirector(x, y)}.
This query example consists of a single triple pattern with the variable ?s in the
subject position and the variable ?o in the object position.

To express conjunctive queries, a basic graph pattern consisting of more than
one triple patterns can be used. E.g. the query
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PREFIX cine: <http://image.ece.ntua.gr/cinemaOntology/>
PREFIX <rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
SELECT ?s
WHERE { ?s cine:isDirector ?o .

?s rdf:type cine:Actor }

will return all directors of some film that are also actors and corresponds to the
conjunctive query q(x) = {isDirector(x, y),Actor(x)}.

SPARQL allows also disjunctive queries through the UNION keyword. E.g.
the query

PREFIX cine: <http://image.ece.ntua.gr/cinemaOntology/>
SELECT ?s
WHERE {{ ?s cine:isDirector ?o } UNION { ?s cine:isProducer ?o } }

will return everyone that has directed or produced a movie.
SPARQL includes many more facilities, such as negation, property paths,

assignment, aggregation, multiple graphs, federated querying, filtering, sorting
and limiting answers. Several of these facilities are used with more general triple
stores than ABoxes and more general queries than conjunctive queries we are
interested in this paper.

By default, a triple store answers a SPARQL query by matching the query
pattern with the RDF graph of the data it holds. If the triple store is a pure ABox
A, this is all that is needed. As we have discussed in detail in Sect. 4, however,
if the triple store is a knowledge base 〈T ,A〉, some answers to the query may
not be explicitly present in A, but need to be inferred using the axioms in T .
To allow for such inference processes to be performed by triples stores, SPARQL
provides the so-called entailment regimes [54]. For OWL 2 TBoxes (OWL 2 DL
ontologies), the OWL 2 Direct Semantics Entailment Regime is provided.

Due to the computational difficulties in reasoning under the full expressiv-
ity of OWL 2, several practical implementation of triple stores usually provide
some limited support of the full OWL 2 entailment, limiting themselves to sup-
porting an OWL 2 profile, usually the OWL 2 RL profile, in which, as we have
seen in Sect. 4.1, inferences can be computed using materialization rule-based
techniques.

6 Conclusions

The paper discusses how ontological descriptions can be used as a basis for
semantic data access. Specifically, we saw how we can build efficient user inter-
faces that provide the user with the ability to express queries in terms of a rich
vocabulary relevant to the domain of interest, rather than queries employing the
technical terminology of the database schemas.

We started our paper (Sect. 2) by describing technologies used to store seman-
tic data, either by directly using the vocabulary, or by ‘semantifying’ the infor-
mation stored in the database, using the vocabulary terminology. Then, in Sect. 3
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we saw how the use of ontological knowledge representation languages (descrip-
tion logics), that are supported by automated reasoning, can advance the level of
semantic data description, enriching the vocabulary by adding new terms, or by
expressing formal restrictions and constraints of the domain of interest. In Sect. 4
we saw that the use of ontology reasoning, specifically the use of ontology-based
data access technologies, can support realistic scenarios of concept-based data
access systems for pragmatic applications, with a lot of advantages. Finally, in
Sect. 5 we described technologies and standards for the representation and use
of semantic data in the web.
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