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During the last years, mobile computing has been the focus of many research efforts, due
mainly to the ever-growing use of mobile devices. In this context, there is a need to manage
dynamic data, such as location data or other data provided by sensors. As an example, the con-
tinuous processing of location-dependent queries has been the subject of thorough research.
However, there is still a need of highly expressive ways of formulating queries, augmenting
in this way the systems’ answer capabilities. Regarding this issue, the modeling power of
Description Logics (DLs) and the inferring capabilities of their attached reasoners could fulfill
this new requirement. The main problem is that DLs are inherently oriented to model static
knowledge, that is, to capture the nature of the modeled objects, but not to handle changes in
the property values (which requires a full ontology reclassification), as is common in mobile
computing environments (e.g., the location is expected to vary continually).
In this paper, we present a novel approach to process continuous queries that combines 1) the
DL reasoning capabilities to deal with static knowledge, with 2) the efficient data access pro-
vided by a relational database to deal with volatile knowledge. By marking at modeling time
the properties that are expected to change during the lifetime of the queries, our system is able
to exploit both the results of the classification process provided by a DL reasoner, and the low
computational costs of a database when accessing changing data (mobile environments, seman-
tic sensors, etc.), following a two-step continuous query processing that enables us to handle
continuous DL queries efficiently. Experimental results show the feasibility of our approach.
Keywords: Stream Reasoning; Continuous Queries; Ontologies; Description Logic Reasoning

1. Introduction

Mobile computing has attracted an intensive research at-
tention and is nowadays everywhere. Indeed, important
progress has been performed thanks to the popularity and
technological advances of mobile devices and wireless net-
works. So, we now consider applications where users con-
tinuously access data of interest independently of the spe-
cific communication technology used (e.g., 3G, WiFi), the
type of network (infrastructure-based vs. ad hoc), the ac-
cess model (push, pull, or hybrid) (Delot, Ilarri, Thilliez,
Vargas-Solar, & Lecomte, 2011), the data providers (pow-
erful data servers, peers, or simple sensors with limited ca-
pabilities), the volatility of the data of interest (e.g., access to
relatively static data stored on databases vs. highly-dynamic
data fed by a Data Stream Management System (Golab &
Özsu, 2003) or retrieved by sensors on the fly), and even the
mobility of the users and the data sources (e.g., classical mo-
bile users with a smartphone vs. drivers in a vehicular ad
hoc network (Cenerario, Delot, & Ilarri, 2011)). In general,
scenarios with dynamic data (e.g., location data or other data
provided by sensors) are quite frequent in this context.

Abstracting users from the heterogeneity of the underly-
ing data and providing them with more accurate and under-
standable results is crucial, and Semantic Web technologies
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could facilitate undertaking this challenge. They can help the
development of mobile computing applications, as they facil-
itate understanding the meaning of data and the meaning of
the user requests. As an example, the problem of processing
continuous location-dependent queries has been extensively
studied (Ilarri, Mena, & Illarramendi, 2010). However, most
existing systems do not support a flexible way of formulating
queries.

Whereas the use of ontologies (Gruber, 1995) and De-
scription Logics (DL) (Baader, Calvanese, McGuinness,
Nardi, & Patel-Schneider, 2003) could help in this sense,
they are not suitable for situations where there are changes
in the property values. For instance, the GPS position of a
mobile device is subject to constant changes. These changes
in the knowledge can require to reclassify the full ontology
before reasoning with it. For example, if the definition of
the class of available emergency vehicles depends on their
location, the constant changes in their positions require to
reclassify the ontology continuously. However, this is not
acceptable in applications where the changes in the data are
a common situation, as this may dramatically decrease the
performance of the system.

Apart from mobile scenarios, where the location is po-
tentially continuously changing, there is indeed an impor-
tant number of applications that require dealing with data
streams, such as intrusion detection in computer networks,
monitoring applications using sensor data, or online analysis
of stock prices (Cugola & Margara, 2012). Indeed, attributes
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that could change frequently are very common in many en-
vironments (e.g., availability of a taxi cab, occupants of a
vehicle, etc.).

In this paper, we give a step forward in the direction
of performing reasoning with continuously changing data
by proposing an efficient approach to process continuous
queries over semantic data streams. Specifically, we present
QueryGen, a Knowledge Management system which is able
to deal with data that are continuously changing. Query-
Gen is not an ontology reasoner, but combines the benefits
of DL reasoners and databases to manage the dynamicity of
the knowledge, making it possible to retrieve the instances
that are relevant to a given query in a continuous way.
The main features of our proposal are:
• It is based on the identification of dynamic data at mod-

eling time, in order to deal with such data in a way that
the performance of the reasoning is not compromised. To
this end, we propose classifying properties into two classes:
volatile and static ones1. For instance, the location of a car
could constantly change, so we consider it as volatile, but its
color is a static property2. In our approach, stream data can
be managed as volatile data outside the knowledge model,
but it is also possible to use volatile properties as vocabulary
to define the ontologies.
• It combines the advantages of DL reasoners and tra-

ditional Database Management Systems (DBMS) to process
both the static and dynamic data that may be interesting for
a query. Each of these properties are treated in a slightly
different way. Our approach is able to support the full ex-
pressivity of OWL 2 if there are only static properties, but
volatile properties impose some restrictions, some of them
to guarantee soundness of the answers. As noted by other
authors, most of the times soundness or completeness can be
sacrificed for a significant speed-up of reasoning (Dentler,
Cornet, ten Teij, & de Keizer, 2011).
• It performs very well. Experimental results show the

feasibility of our approach and its clear advantages over a
traditional approach just based on the use of a DL reasoner.

The structure of the rest of this paper is as follows. In
Section 2, we introduce the notions of static and dynamic
knowledge, and motivate our work with the help of an il-
lustrating use case where answering continuous queries is
needed. Then, in Section 3, we summarize the architecture
of our system and the decisions that have to be made at mod-
eling time. In Section 4 and Section 5, we describe the query
processing and the updating of the volatile information, re-
spectively. Then, Section 6 details the syntax and semantics
of our supported language, discussing some modeling con-
straints imposed in the current approach. Next, in Section 7,
we further explain the functioning of QueryGen via some
examples. In Section 8, we present an extensive set of exper-
imental results that show the feasibility and interest of our
approach, as well as its advantages regarding pure DL-based
approaches. In Section 9, we present some related works.
Finally, in Section 10, we present our conclusions and some
ideas for future research. An appendix recalling the syntax
of the ontology language OWL 2 is included at the end of the
paper.

2. Motivation

This section starts with a reflection about the nature of the
modeled properties of objects regarding the amount of time
their values are expected to keep constant. Next, we present
an illustrating example of a mobile scenario.

2.1. Static versus Volatile Knowledge

Ontologies provide a powerful tool to model different do-
mains or scenarios using their three main elements, namely
concepts, properties and instances. DLs are the most ex-
tended logical formalism for representing ontologies, and the
existence of DL reasoners allows to extend the modeling ca-
pabilities with inferring ones, which makes them more ap-
pealing. However, ontologies are oriented to model inten-
sional knowledge as opposed to databases, more focused on
extensional data. This makes ontologies more useful when
dealing with static knowledge, i.e., when capturing the na-
ture of the objects they are modeling.

There exist scenarios where ontologies could be very use-
ful to enhance the expressivity of the models but, unfortu-
nately, they are not suitable due to the ever changing nature
of their extensional knowledge. In particular, when dealing
with mobile computing environments, there may be proper-
ties of moving objects whose values are inherently volatile,
in contrast to the static properties, which have constant val-
ues. For example, the location of a vehicle and the avail-
ability of a taxi cab are examples of values that change fre-
quently. While our view is novel, the distinction between
static and dynamic knowledge has already been study in on-
tologies (Flouris, Manakanatas, Kondylakis, Plexousakis, &
Antoniou, 2008) and, more generally, in knowledge repre-
sentation (Nissen, 2013).

In general, after some information is asserted in an ontol-
ogy, it is usually assumed that it will not change and, there-
fore, we are used to working with the newly inferred infor-
mation assuming it as correct. However, this information
might not be valid if some of the initial assumptions change.
Nevertheless, this conflict does not mean that volatile prop-
erties should not be modeled in an ontology, as it can be in-
teresting to represent them at the intensional level.

These considerations lead us to differentiate between
volatile and static properties. As an example, stock exchange
values are constantly changing, whereas the types of opera-
tions in the stock market are not. Since volatile properties
are always changing, one cannot assume that the value at a
certain time t is going to be the same at t +∆t. This behavior
comes directly into conflict with the nature of the knowledge
stored in ontologies, which could actually evolve along time

1 We use the term volatile as the C programming language uses it
to avoid assuming that the value does not change; the term dynamic
applied to properties is often used in existing modeling literature as
properties/methods that can be added to an object dynamically, but
without making any assumption about the evolution of their values.

2 Note that the value of this property could change. However, due
to the extremely low chances of change, the performance would not
be affected and we would model it as a static property.
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but is usually assumed to remain unchanged or, at least, it is
assumed to be static enough to be used to answer queries.

Definition 1. A volatile property is a property whose values
are expected to change anytime and frequently.

Definition 2. A static property is a property whose value ei-
ther does not change or remains unchanged long enough to
consider it static.

Ideally, when all the properties in an ontology are static,
to maintain the knowledge stored up-to-date, we would only
have to reclassify the instances when:

1. A change in the intensional knowledge (i.e., in the
TBox) happens, such as the insertion/retraction of defini-
tions, properties, etc.

2. A change in the extensional knowledge (i.e., in the
ABox) happens. Thus, even if there are no changes in the
TBox, the insertion or retraction of an instance might affect
the classification of other instances. For instance, if Crowd-
edVehicle is defined as a vehicle with at least 3 occupants,
saying that a person is not an occupant of a vehicle anymore
can imply that it is not a CrowdedVehicle anymore. More-
over, when dealing with volatile properties, this situation is
even more problematic, as every change in the value of a
property of an instance might affect the rest of instances and
the inferences made up to that point.

The first situation can be foreseen, as we have the con-
trol over what to assert to the ontologies used by our system,
and we can evaluate the price to pay for each classification
process. However, in mobile and dynamic environments the
second situation can frequently happen; for example, if we
want to model the availability of mobile devices, we would
need to take into account that this can be based on features
that may change along time: the availability of battery, the
existence of wireless coverage, etc. So, changes in the ABox
can frequently happen due to modifications in the volatile
properties of the objects.
Let us consider the following definitions3:

C1 := Rv1 only C2
C2 := Rv2 some C1

being Ci concept definitions and Rvi properties tagged as
volatile. With a classical reasoner, if values of Rv1 and Rv2
are changing continuously, it might be unable to finish the
classification process and, even if it manages to classify the
ABox, the result would be immediately outdated, as we can-
not assure that the starting assumptions (the values of Rv1 and
Rv2) still hold.

In particular, in mobile computing scenarios, we have to
provide systems that are flexible enough to cope with these
temporal inconsistencies due to the continuous and costly
reclassification process, as they are not only possible but a
reality. So, our goal is to exploit both static and volatile
knowledge when answering the queries while keeping the
computation costs low enough to provide an efficient way
of processing the queries continuously.

To do this, we will distinguish between the static and the
volatile part of an ontology. Before defining these notions,

we will introduce some notation that we will use in the rest
of this paper to shorten the most common axioms (OWL 2
syntax is recapped in the appendix):
• “a Types C” is denoted as C(a).
• “a Facts R b” is denoted as R(a, b).
• “C1 SubClassOf C2” is denoted as C1 => C2.
• “C1 EquivalentTo C2” is denoted as C1 := C2.

Definition 3. The static part of an ontology is composed by:
• the TBox,
• axioms of the form C(a), and
• axioms of the form Rs(a, b), for a static property Rs.

Definition 4. The volatile part of an ontology is composed
by axioms of the form Rv(a, b), for a volatile property Rv.

Our queries will consist of DL concept expressions. Such
expressions can be divided into static and volatile parts.

Definition 5. A volatile concept is a DL concept that verifies
one of the following conditions:
• C is of the form Rv only D,
• C is of the form Rv some D,
• C is of the form Rv self,
• C is a cardinality restriction on a volatile property Rv,
• C is a conjunction or disjunction of concepts such that

at least one of them is a volatile concept,
• C is the negation of a volatile concept.

Definition 6. A DL concept is a static concept iff it is not a
volatile concept.

Definition 7. A volatile part of a query contains a volatile
concept appearing in the query. A static part of a query con-
tains a static concept appearing in the query.

For instance, in the query concept C or (F and Rv some D),
C and F are static parts and (Rv some D) is a volatile part.

2.2. Motivating Example
Here, we present the motivating use case that we will use

along the paper. The ontology proposed in Figure 1 mod-
els an example scenario of moving vehicles. The ontology
includes information about the different vehicles in the sys-
tem and about their passengers. The location of the moving
vehicles is continuously changing.

LOQOMOTION (LOcation-dependent Queries On Mov-
ing ObjecTs In mObile Networks) (Ilarri, Mena, & Illarra-
mendi, 2006; Ilarri, Bobed, & Mena, 2011) is a system that
performs a distributed processing of continuous location-
dependent queries issued by mobile users. The answer to
a location-dependent query depends on the locations of the
objects involved; for example, a user with a smartphone may
want to locate available taxi cabs that are near him/her while
walking home in a rainy day. These queries require a con-
tinuous monitoring of the locations of moving objects. The
answer to this query must be continuously refreshed because

3 In this paper we will use the subscripts s and v to denote a static
and a volatile entity, respectively.
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LObject

Vehicle

Physician

stcanDrive

isDrivingv
MedicalJob
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isA

st

EnginePowered

Car Truck

Van

Ambulance

SmallAmbulance

isA isAisA

isA

isA

ManPowered

Tandem

Bicycle

isA

isA

SOSVehicle

−1

isBeingDrivenv

occupant := inverse occupy
isBeingDriven := inverse isDriving

Further Properties

SmallAmbulance => Ambulance and (maxOccupants some integer[<=3])
Ambulance => Van and (occupant some Physician)

Tandem => Bicycle and (maxOccupants some integer[>=2])
Further Conditions

occupantv
−1

isA

st
isA

isA
someisA

isA

isA

some

Physician := Person and (works some MedicalJob)
Defined Terms

SOSVehicle := Vehicle and (occupant some Physician)

AvailableLowOccSOSVehicle := AvailableSOSVehicle and LowOccupiedVehicle
AvailableBalancedSOSVehicle := AvailableSOSVehicle and BalancedVehicle

AvailableCrowdedSOSVehicle := AvailableSOSVehicle and CrowdedVehicle

AvailableSOSVehicle := SOSVehicle and (available value true)
LowOccupiedVehicle := Vehicle and (occupant max 1 Person)

CrowdedVehicle := Vehicle and (occupant min 3 Person)
BalancedVehicle := Vehicle and (occupant exactly 2 Person)

PersonOnBike := Person and (occupy some Bike)
PersonOnFoot := Person and not (occupy some Vehicle)

HealthyPerson := PersonOnFoot or PersonOnBike

Queries

available: boolean

voccupy

v

maxOccupants: integer

st: static property

v: volatile property

−1: inverse property

Legend

Figure 1. Ontology that models the motivating use case.

it can change immediately due to the movements of people
and taxi cabs. Moreover, even if the set of taxis satisfying
the query condition does not change, their locations and dis-
tances to the user do change continuously, and therefore the
answer to the query must be updated with the new location
data.

While LOQOMOTION is able to handle efficiently
location-dependent queries, it fails when we want to express
semantic constraints over the objects to be retrieved. In this
example, we want to retrieve vehicles that could help in an
emergency situation, that is, SOS vehicles that would be
available and near a certain place. Having only the taxon-
omy of types of moving objects would only allow us to re-
trieve the objects that are registered in the system as SOS
vehicles. However, we want to alert any vehicle that is a po-
tential helper. For example, a physician in a motorbike could
come very handy if he/she could be the first to arrive.

Such knowledge could be automatically inferred if the
system was able to use the ontology in Figure 1. In this case,
the previous task can be formulated as continually retrieving
the instances of the concept AvailableSOSVehicle, equivalent
to the query SOSVehicle and (available value true). The sys-
tem would retrieve the ambulances that would be available,
but also all the available vehicles that are carrying people
who have medical jobs and therefore would be able to help.

Having all the instances of the ontology correctly classified
depends directly on several properties that can change at any
time: available, occupy, occupant, etc. Consequently, due to
the existence of these volatile properties, the facts inferred at
one moment can become obsolete quickly.

However, note that maintaining the instances classified
and updated is not feasible, as the reclassification process
is too expensive to be performed every time the value of a
volatile property changes. Moreover, it could be potentially
never-ending, as changes could happen so often that the in-
ferred consequences could be already obsolete when the rea-
soning finishes, as the property values might have changed
again, and so it must be recomputed, and so on.

This example could be solved using a traditional DL rea-
soner only if the updates to the ontology are infrequent.
However, there are some properties that can have continuous
changes, such as the position of a vehicle. In such cases, new
solutions are needed.

We use the scenario of LOQOMOTION only as a motivat-
ing example, as we think that the use of ontologies would be
a great help in this kind of contexts. However, we will focus
on describing a centralized deployment of our approach, as
a distributed deployment would address issues that we con-
sider that are out of the scope of this paper.

It is also worth noting that the ontology in our running
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example is relatively expressive –it uses the expressivity of
the Description Logic ALCIQ(D)– and it cannot be sup-
ported by other approaches similar to ours (see Section 9 for
a longer discussion).

3. Overview of our System

In this section, we present a general overview of our sys-
tem, hereinafter referred to as QueryGen, describing its aim
and general architecture. We would like to clarify from the
beginning that it is not a DL reasoner, but a system for the
management of dynamic data, which combines the advan-
tages of DL reasoners and traditional Database Management
Systems (DBMS) to efficiently process the updates of the
knowledge base and answer queries by retrieving the in-
stances that are relevant to a given DL concept expression
(handling both static and dynamic data). Our approach trades
off completeness of the reasoning for a reduction of the re-
sponse time, as suggested in (Dentler et al., 2011).

To this end, we firstly preprocess the static knowledge by
classifying the ontology (i.e., computing the class and prop-
erty hierarchies) and by computing an instance retrieval test
over all the static concepts (i.e., retrieving all the instances of
the static concepts). Since static data cannot change, this is
more efficient than computing the instances of the static con-
cepts before answering every query. The next step is to use
a database to store the instances of the static concepts4 and
the object property assertions involving volatile properties.
Then, whenever there are changes in the property values, we
update the database keeping the semantics of the data. Fi-
nally, continuous query answering can be performed by us-
ing the DL reasoner if the query does not involve volatile
properties, or by using the database otherwise.

Since data streams are inevitably noisy (Stuckenschmidt,
Ceri, Della Valle, & van Harmelen, 2010), stream reason-
ing requires some mechanism to deal with spurious data. In
our approach, whenever there is a contradiction between the
static classified knowledge and the dynamic updates, we give
preference to the static knowledge, which is not expected to
change. The intensional knowledge (the TBox) is expected
to be stable and unchangeable as it represents a modelization
of the domain, while the extensional knowledge (the ABox)
stores the particular state of the objects of the domain; so,
the TBox is static and the ABox can be dynamic. Hence,
in case of contradiction we give preference to the inferences
obtained by using the stable knowledge schema rather than
the possibly noisy assertions.

We present now the architecture of QueryGen, describing
its four main components, depicted in Figure 2, and then dis-
cussing their interactions with a running example:
• Continuous Query Processor (CQP): It is the main

module of the architecture and orchestrates the rest of
the modules to obtain answers to the different continuous
queries.
• Knowledge Storage: It is the module that stores the on-

tology properly classified according to the static knowledge,
as well as some information about the volatile properties,
namely their definitions and the concepts that are affected

by them. It also provides reasoning services (as a normal DL
reasoner does) to help the Continuous Query Processor to
build the execution plan for each query and to populate the
initial tables. As we will see, this component uses a DL rea-
soner to compute an initial classification of the static part of
the ontology and to solve several subsumption tests in order
to simplify the query representation.
Volatile properties must not be populated by asserting their
values in the Knowledge Storage (i.e., the ABox must not
contain any assertion about their values). Otherwise, the
volatility of the asserted data could lead to temporal inconsis-
tencies when reasoning with the DL reasoner, which would
imply an invalidation of all the knowledge inferred up to that
point; or even worse, it could lead to a never-ending reclassi-
fication process, as already discussed in Section 2.2.
• Data Storage: It stores the volatile knowledge using

different tables needed to carry out the execution plan. Intu-
itively, these tables can be thought of as the concepts partici-
pating in the query; however, there is not a one-to-one corre-
spondence between the tables and the concepts in the ontol-
ogy, as one table can store the instances of a static expression.
There are two sources of information to populate them: the
static knowledge obtained from the Knowledge Storage (i.e.,
the extension of the ABox), and the volatile data updated via
the Update Wrapper (i.e., the actual values that are asserted
for the different volatile properties during the query lifetime).
• Update Wrapper: This module is in charge of manag-

ing updates to the different volatile properties and, with the
help of the Knowledge Storage, updates properly the tables
in the Data Storage that correspond to volatile properties.
The workflow of our architecture is as follows:

1. An initial step receives a reference ontology and infor-
mation about the volatile parts provided by the ontology de-
veloper, and performs some preprocessing (Figure 2, step 1).

2. The Continuous Query Processor analyzes the query
and obtains an execution plan which separates the static part
from the volatile parts of the query (Figure 2, step 2) .

3. The Data Storage creates and updates the tables that are
needed to solve the query plan (Figure 2, step 3).

4. The Knowledge Storage populates the tables using the
instances that are statically classified by the reasoner (Fig-
ure 2, step 4).

5. The Continuous Query Processor solves an SQL query
to retrieve freshly updated data (Figure 2, step 5).

6. The Update Wrapper manages update requests for the
values of the volatile properties (Figure 2, step 6).

The intuitive idea behind this architecture is to defer as
much as possible the processing of volatile knowledge, that
is, the processing of the extension of volatile properties (their
definitions are part of the static knowledge of the ontology).

We will explain now how QueryGen exploits both the
static and volatile knowledge to be able to retrieve correct
answers in a continuous way. First of all, we present the
preprocessing step (Section 3.1) that has to be performed be-
fore both the query processing (Section 4) and the volatile
information updating (Section 5).

4 We create one table per static concept.
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Figure 2. Overview of the main modules of the query processor.

Preprocessing

Previously to the query processing, QueryGen has to be
provided with the ontology to be used (Figure 2, step 1). This
ontology must have their volatile properties annotated, and
this has to be done manually by the ontology developer as
the volatility of a property depends directly on the domain
that is being modelled. This assumption would be justified
in detail in Section 6.3.

After this step, the Knowledge Storage analyzes this in-
formation off-line to annotate the rest of the entities (i.e.,
concepts and properties) of the ontology as volatile or static.
The Knowledge Storage computes the propagation of the
volatility among the properties and defined concepts. Intu-
itively, a defined concept whose definition has a constraint
on a volatile property becomes volatile as well. However, as
we will see, the subclass of a volatile class is not treated as
volatile. Hence, the volatility of a class is propagated up-
wards but not downwards.

In the example shown in Figure 1, available, isDriving,
occupy, isBeingDriven (the inverse property of isDriving)
and occupant (the inverse property of occupy) are volatile
properties. Hence, the following concepts and queries
(defined concepts using a volatile property) are marked
as volatile: SOSVehicle, CrowdedVehicle, BalancedVehicle,
LowOccupiedVehicle, AvailableSOSVehicle, etc.

Next, we preprocess the static knowledge by classifying
the ontology and by computing an instance retrieval over all
the static concepts, in order to process the static knowledge
more efficiently. To consider only the static knowledge, this
initial classification does not take into account the values of
the volatile properties (recall that volatile properties must not
be populated in the ontology itself).

In the following sections, we detail how this information
is processed and updated to answer the queries presented to
QueryGen.

4. Query Processing

Once the user has posed a query to QueryGen, the Contin-
uous Query Processor (CQP) analyzes the query and obtains
an execution plan which separates the static parts from the
volatile parts of the query.

As we have seen in the previous section, there are two
concurrent tasks that QueryGen has to perform: query pro-
cessing and data updating. In this section, we focus on the
former one, detailing the steps that the CQP has to perform
to obtain a proper answer for a continuous query, while the
latter part will be discussed in Section 5. In brief, the query
processing is composed by four steps:

1. Query analysis: the CQP analyzes the query to obtain
an executable plan. To do so, the CQP follows a four-step
process: 1) volatility propagation, 2) query expansion, 3) se-
mantic reduction of the query, and 4) executable plan obten-
tion.

2. Creation and population of data tables: the Data Stor-
age creates and maintains the necessary tables for this query.

3. Translation into relational algebra: the CQP retrieves
the names of the tables that are participating in the query, and
translates the query tree into a relational algebra expression
that will lead to an executable SQL query.

4. Query execution: QueryGen continuously executes the
SQL query to obtain the answers to the query.

In the following subsections, we give a thorough descrip-
tion of these steps.

4.1. Query Analysis

In the following, we detail each of the above-mentioned
four steps that the query analysis comprises.

4.1.1 Volatility Propagation. QueryGen uses a tree-based
representation of the queries (originally proposed in (Bobed,
Trillo, Mena, & Bernad, 2008)) where, in addition, the
branches are tagged as static or volatile parts of the query.
The volatility of the properties is propagated upwards to de-
termine which branches have to be processed in a continuous
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way (i.e., the volatile branches). This process requires im-
posing a restriction on the TBox: we assume that there are
no cycles in the definition of volatile concepts.

In Figure 3, the query that serves as a running example is
expressed in this way. For the sake of clarity, in the tree we
transform Manchester syntax into a prefix notation. Note that
the volatile expression SOSVehicle is expanded to its defini-
tion Vehicle and (occupant some Physician).

Cs1 R v1Cs2 R v2Q
1

Q
1

Cs1

R v2

Cs2R v1

) )

Q
1

Vehicle

Q
1

and ( some ( ) ) and ( value (

and

some

value

ct

ct

and

value

true

AvailableSOSVehicle Vehicle 

and (available value true)
and (occupant some Physician)

Physician

some

occupant

available

s: static

v: volatile

ct: constant

Legend

Figure 3. Our running example represented as a query tree: the
volatility is propagated upwards to mark the branches to be pro-
cessed in a continuous way.

4.1.2 Query Expansion. The analysis of the query is ori-
ented to obtain appropriate expressions that describe the sets
of objects that are affected by the evaluation of constraints
on volatile properties. In Figure 4, the representation of a
generic evaluation is shown. For a generic volatile property
Rv, the set of objects that could fulfill the constraint on it is
given by the following expression:

Domain(Rv) ∩ DomModi f ier

with DomModifier being an expression that might affect the
actual domain of the property in the query. For brevity, we
will sometimes abbreviate Domain(Rv) as D(Rv).

Similarly, the set of objects the property can take values
from is given by the following expression:

Range(Rv) ∩ RangeModi f ier

with RangeModifier being an expression that might affect the
actual range of the property in the query.

Answer Set

Domain (P) DomModifier

Property Constraint (P)

Range (P) RangeModifier

Figure 4. Set-based representation of a generic property con-
straint.

To obtain such expressions, the CQP expands the query
tree (this requires some restrictions on the TBox, that will be
discussed in Section 6.1):
• Those defined concepts such that a volatile property

participates in their definition (volatile concepts) are substi-
tuted in the tree by their definitions. The system keeps track
of which defined concept was substituted to create a branch
in the query plan tree. This is done because a volatile concept
is composed by the union of two sets: the instances statically
classified as its members compose its static extension, while
the instances satisfying the expanded definition (considering
the volatile data) compose its volatile extension. This infor-
mation will be used later when building the final query.
In the motivating example, a query involving SOSVehicle
should retrieve both the instances statically classified as SOS
vehicles and those vehicles having a physicist as one of their
occupants.
The volatile superclasses of a static class cannot be treated in
the same way. For instance, Ambulance is static even if it is
a subclass of the volatile class SOSVehicle; instances that be-
come SOS vehicles do not necessarily become ambulances,
as this is not a necessary and sufficient condition.
• The constraints on volatile properties are substituted by

the conjunction of their domains and the constraints them-
selves. This way, we can obtain the actual set of objects that
have to be checked against the constraint.

In Figure 5, the actual expanded query is shown. In the
first step, the CQP unfolds the SOSVehicle definition and
marks the node as defined (defined nodes in Figure 5 are
marked with an asterisk). As commented before, this is
needed to keep track of both the static and the dynamic exten-
sion of the defined concept. In the second step, the domains
of the volatile properties are added. Recall that the domain of
occupant, denoted by D(Rv1), is Vehicle, and the domain of
available, denoted by D(Rv2), is LObject (Locatable Object),
both static and primitive concepts.
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Step 1 Step 2

AvailableSOSVehicle SOSVehicle and (available value true)

and ( some ( ) ) and ( value ( ct ) )

Vehicle

and (available value true)
and (occupant some Physician)

value

and

and

ct

Figure 5. Example of the query expansion process.

4.1.3 Semantic Reduction. Once the query has been com-
pletely expanded, QueryGen compacts the tree according to
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the properties of the operators. This process is called seman-
tic reduction and enables QueryGen to reduce the number of
subexpressions in the query, resulting in a reduction in the
number of tables to be maintained and avoiding redundan-
cies between equivalent expressions. Symmetry and associa-
tivity of the operators are taken into account to compact the
query tree (Figure 6, step 1). This step is not applied to the
nodes that are marked as defined due to the aforementioned
reasons: the query plan must compute the union of its static
extension and its volatile extension. Otherwise, we would be
missing this information in the reduction.

Then, QueryGen considers the restrictiveness and inclu-
siveness of the operators (Bobed, Trillo, Mena, & Ilarri,
2010) (e.g., the and is restrictive and the or is inclusive) to
further reduce the query tree. Using a classical DL reasoner
to solve some subsumption tests, we can prune our query tree
as follows:
• If a restrictive operator has two child nodes C and D in

the query tree such that C subsumes D, then C is removed,
i.e., the most specific expression is kept.
• If an inclusive operator has two child nodes C and D in

the query tree such that C subsumes D, then D is removed,
i.e., the most general expression is kept.

In Figure 6, step 2, note how the two nodes Vehicle (Cs1
and D(Rv1)) have been merged as they are equivalent and
are under a restrictive operator, and how the node Vehicle
(D(Rv2) has been reduced as it is subsumed by the node
marked with an asterisk (S OS Vehicle).
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Figure 6. Example of the semantic reduction process.

4.1.4 Executable Plan Obtention. Finally, QueryGen ob-
tains an executable plan. For efficiency, part of the seman-
tic reduction described in the previous section is performed
concurrently with the obtention of the query plan. The exe-
cutable plan contains the tables that have to be created and
populated, and the order in which the different parts of the
query have to be processed. The query is partitioned in lev-
els that correspond to the levels in the final relational algebra
expression that QueryGen uses to calculate continuously the
volatile dimension of the query. So, QueryGen is able to
solve a full query reusing the tables that participate in differ-
ent levels.

To reduce semantically the query and obtain this plan,
QueryGen applies Algorithms 1 and 2.

Algorithm 1 analyzeQuery(q, reasoner)
Require: q is the query that must be analyzed, reasoner is an

object that encapsulates the reasoning service offered by the
Knowledge Storage.

Ensure: returns an executable plan for the query q.
1: plan← ∅
2: analyzeQT Node(q.root, reasoner, plan, 0); // see Algorithm 2
3: return plan;

Algorithm 2 analyzeQTNode(node, reasoner, plan, level)
Require: node is a node of the query tree, reasoner is an object

that encapsulates the reasoning services offered, plan is the plan
being built, and level is the plan level that corresponds to the
current node.

Ensure: Analyzes the input node and builds recursively the plan.
1: if plan.levels == level then
2: // if they are equal, a new level has to be created in the plan
3: plan.createLevel();
4: end if
5: if node.isNonTerminal() then
6: // it is an intermediate node
7: // it has to check whether any of the subexpressions has to be

reduced
8: if node.getOperator().isRestrictive() then
9: reduceRestricted(node, reasoner);

10: else if node.getOperator().isInclusive() then
11: reduceIncluded(node, reasoner);
12: end if
13: // we now separate static from volatile children
14: separateChildren(node, volatileChildren, staticChildren);
15: plan.put(node, staticChildren, level);
16: for all volatileChild ∈ volatileChildren do
17: analyzeQTNode(volatileChild, reasoner, plan, level+1);
18: end for
19: else
20: // it is a leaf node
21: if node.isVolatile() then
22: plan.put(node, level);
23: end if
24: end if

Algorithm 2 creates a new level when a call has increased
the level needed (lines 1–4). It visits recursively the nodes in
the query tree in a depth-first way. If the node is an operator
which is restrictive or inclusive (Bobed et al., 2010) then a
semantic reduction is applied (lines 8–12): neither the nodes
restricted nor the nodes included by their siblings are needed
to obtain the answer. As anticipated, given a restrictive oper-
ator, if there is a child node that is subsumed by one sibling,
it has to be removed as it does not add any description to
the query. Then, the children are separated as volatile and
static ones (line 14), to assign the static ones to the current
level, and to open a new level for the volatile ones (lines 15–
18). Finally, when a leaf node is treated, if it is volatile, it is
assigned to the current level (lines 21–23), as the static ones
have been already assigned to a previous level.

An example of the resulting plan for our running example
is shown in Figure 7. In level 0 we have the top operator,
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in this case and. Level 1 contains the static concept Vehi-
cle, the value true appears, as well as two operators, namely
value and the node indicating that a defined concept was ex-
panded. In level 2, the volatile property available, and the
some restriction link to the previous level. Finally, level 3
just contains the volatile property occupant. Of course, be-
fore obtaining the answer set (ASet) of a level, the answer
sets of its sub-levels must have already been obtained.
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Q
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and
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and

and *
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some
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R v2
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value

ct

and

some
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Figure 7. Example of obtention of the execution plan.

We can state the following result showing the validity of
the expansion of the query.

Proposition 1. Given an ontology O and a DL concept (or
query) Q, the expanded query tree Q′ verifies that every in-
stance of Q′ is an instance of Q.

It follows directly from the following facts:
• Defined concepts are substituted by their definitions,

which are stated to be equivalent.
• Constraints with volatile properties are substituted by

the expression Dom(Rv) and constraint(Rv), which is seman-
tically equivalent.
• The semantic reduction is performed using the proper-

ties of the operators (discussed in (Bobed et al., 2010)) and
with the help of the reasoner by eliminating only redundant
concepts under sufficient conditions.

4.2. Creation and Population of Data Tables

Once the query has been analyzed and we have an exe-
cution plan, the CQP knows which tables have to be created
and maintained in the Data Storage for this query.

In particular, it creates a table Thing, containing all the
instances of the ontology, a table for each volatile property,
and a table for each static expression in the execution plan.
The tables have the following format:
• For static expressions or concepts, the tables are named

as their corresponding concept/expression and the only field
they have is the identifier of its instances C = (idS tring).
• The object and datatype properties are represented in

the database just as tables named as their corresponding
property, with two fields: the subject and the target of each
instance of the relationship.

Rob jProperty = (sb j S tring, tgt S tring)
RdataProperty = (sb j S tring, value dataType)

The Data Storage stores these tables, keeping track of the
expressions that are stored in each table to maximize reusing
them among different queries. Then, the Knowledge Stor-
age populates the tables using the instances that are statically
classified by the ontology.

In our example, the properties available and occupant will
have their own table because the former one appears in the
query and the latter one in the expansion of a concept in the
query. These tables will be properly updated by the Update
Wrapper. Then, three tables are also created for each of
the static knowledge expressions Vehicle and Physician, and
the static extension (i.e., the statically classified instances)
of SOSVehicle. In this example every table corresponds to
exactly one ontology concept, but in general we may have a
more complex static expression appearing in the query ex-
ecution plan. Then, QueryGen asks the DL reasoner to re-
trieve all the instances of the concepts corresponding to the
complex static expressions and populates the tables by creat-
ing one tuple for each instance.

4.3. Translation into Relational Algebra
The translation of the query execution plan is performed

by applying recursively the translations shown in Table 1,
where C is a static concept expression, Rv is a volatile object
property, Tv is a volatile datatype property, τ(C) denotes the
translation of C into a table, and Domain(Rv) and Range(Rv)
are functions that return the tables corresponding to the do-
main and range of Rv, respectively. The reader not familiar
with relational algebra operations is referred to (Codd, 1990).
The nodes in the plan marked as defined ones are translated
into the union of the concept table and the translation of their
definition to retrieve both the static and the volatile dimen-
sions.
In our running example, for AvailableSOSVehicle, the final
SQL query obtained by QueryGen is shown in Figure 8:

SELECT subQuery4.subject // extension
FROM (

SELECT SOSVehicle.subject
FROM SOSVehicle

// static part of SOSVehicle
UNION DISTINCT

SELECT subQuery5.subject
FROM Vehicle

// dynamic part of SOSVehicle
AS subQuery5
WHERE subQuery5.subject IN( // gets the Vehicles

SELECT occupant.subject // with an occupant
FROM occupant // classified
INNER JOIN Physician // as Physician
AS subQuery6
ON occupant.object =
subQuery6.subject

)
)
AS subQuery4
WHERE subQuery4.subject IN ( // gets the SOSVehicles

SELECT available.subject // (dynamic + static)
FROM available // that are available
WHERE available.value = ‘true’

)

Figure 8. Final SQL query obtained by QueryGen for Available-
SOSVehicle.

We are aware of the subtle change of semantics that this
translation implies, as it moves from the world of the DL
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Table 1
Translation of DL class expressions.

τ(A) A

τ(C1 or C2) τ(C1) ∪ τ(C2)

τ(C1 and C2) τ(C1) ∩ τ(C2)

τ(not C) Thing − τ(C)

τ(Thing) Thing

τ(Nothing) τ(not Thing)

τ({i1, . . . , in}) σid={i1 ,...,in}(Thing)

τ(Rv only C) (Domain(Rv) − ΠRv .src) ∪
(σcount(Rv ,Rv .sb j)=count(Rv◃▹(Rv .tgt=τ(C).id)τ(C),Rv .sb j)(Rv))

τ(Rv some C) ΠRv .sb j(Rv ◃▹Rv .tgt=τ(C).id τ(C))

τ(Rv self) ΠRv .sb j(Rv ◃▹Rv .sb j=Rv .tgt Rv)

τ(Rv exactly n) ΠRv .sb j(σcount(Rv ,Rv .sb j)=n(Rv))

τ(Rv exactly n C) ΠRv .sb j(σcount(Rv ,Rv .sb j)=n(Rv ◃▹Rv .tgt=τ(C).id τ(C)))

τ(Rv max n) ΠRv .sb j(Domain(Rv) − σcount(Rv ,Rv .sb j)>n(Rv))

τ(Rv max n C) ΠRv .sb j(Domain(Rv)−
σcount(Rv ,Rv .sb j)>n(Rv ◃▹Rv .tgt=τ(C).id τ(C)))

τ(Rv min n) ΠRv .sb j(σcount(Rv ,Rv .sb j)≥n(Rv))

τ(Rv min n C) ΠRv .sb j(σcount(Rv ,Rv .sb j)≥n(Rv ◃▹Rv .tgt=τ(C).id τ(C)))

τ(Tv only D) (Domain(Tv) − ΠTv .src) ∪
(σcount(Tv ,Tv .sb j)=count(σTv .value∈D(Tv),Tv .sb j)(Tv))

τ(Tv some D) ΠTv .sb j(σTv .value∈D(Tv))

τ(Tv exactly n) ΠTv .sb j(σcount(Tv ,Tv .sb j)=n(Tv))

τ(Tv exactly n D) ΠTv .sb j(σcount(Tv ,Tv .sb j)=n(σTv .value∈D(Tv))

τ(Tv max n) ΠTv .sb j(Domain(Tv) − σcount(Tv ,Tv .sb j)>n(Tv))

τ(Tv max n D) ΠTv .sb j(Domain(Tv)−
σcount(Tv ,Tv .sb j)>n(σTv .value∈D(Tv)))

τ(Tv min n) ΠTv .sb j(σcount(Tv ,Tv .sb j)≥n(Tv))

τ(Tv min n D) ΠTv .sb j(σcount(Tv ,Tv .sb j)≥n(σTv .value∈D(Tv)))

reasoner (the static part of the ontology, classified once by
the DL reasoner), where the Open World Assumption is im-
posed, to the world of the database manager, that implies the

Closed World Assumption (CWA). This issue will be dis-
cussed in more detail in Section 6.3. However, we are not
concerned about this change of semantics because our goal
is to provide a correct answer as fast as possible rather than
keeping the classification of the instances up-to-date and, as
we have seen before, this is impossible due to the continuous
changes of the data.

The following results show the correctness of the reduc-
tion into relational algebra. We will firstly consider the static
part of the query and then the volatile part of the query.

Proposition 2. Given an ontology O, a static concept C, and
an individual i, there is a tuple t = [i] in the database such
that t ∈ τ(C) if and only if the ontology entails the axiom C(i)
under OWA.

This proposition is trivial since QueryGen manages static
concepts by populating the database exactly with the results
returned by the DL reasoner .

Proposition 3. Given an ontology O, a volatile concept C,
and an individual i, if there is a tuple t = [i] in the database
such that t ∈ τ(C) then the ontology entails the axiom C(i)
under CWA.

This proposition can be shown by induction on the struc-
ture of concepts. The case base (atomic concepts) is trivial
since we create a new table for each atomic concept and we
populate it exactly with its instances. After the induction
step, the other cases can easily be shown by noting that the
relational algebra translation preserves the semantics of the
corresponding concept. Let us discuss some cases:
• The first 6 cases are trivial for the reader familiar with

relational algebra.
• In the case of an enumeration, the translation produces

a selection of the tuples that contain the values i1, . . . , in.
• In local reflexivity concepts, the translation retrieves tu-

ples denoting individuals that are related to themselves by
computing tuples that are related to some individual via Rv
such that the subject and the target of the relation are the
same individual.
• The idea of the translation of τ(Rv some C) is similar: it

retrieves the tuples that are related to some individual via Rv
such that it also belongs to the table τ(C).
• The translation of τ(Rv only C) is more involved. It re-

trieves those tuples that are not related to any individual via
Rv (Domain(Rv)−ΠRv.src) plus (∪) those tuples that are related
via Rv but only to instances of the table τ(C). This latter part
is computed by checking that the number of relations via Rv
is the same as the number of relations via Rv with members
of (σcount(Rv,Rv.sb j)=count(Rv◃▹(Rv .tgt=τ(C).id)τ(C),Rv.sb j)(Rv)).
• The translations of the cardinality restrictions are sim-

ilar but also taking into account the number of tuples that
satisfy the conditions. In fact, the translation of τ(R min n)
extends that of τ(Rv some C) by checking that the number of
relations via Rv is at least n (σcount(Rv,Rv.sb j) ≥ n). The transla-
tion of τ(R exactly n) extends that of τ(Rv some C), and the
translation of τ(R max n) extends that of τ(Rv only C). The
case of unqualified restrictions and restrictions involving data
properties are trivial variations of these ideas.
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The converse of Proposition 3 is not true in general, as it
will be illustrated in Example 5.

4.4. Query Execution

Finally, QueryGen continuously executes the SQL queries
computed by the previous step to retrieve the relevant data
that constitute the answers to the queries. We adopt a so-
lution based on the use of appropriate refreshment rates, as
proposed in (Ilarri et al., 2006; Ilarri, Mena, & Illarramendi,
2008).

Thus, as the involved data are constantly changing, the
processing tasks must be performed with a certain task fre-
quency to limit the cost of the query processing. In (Ilarri et
al., 2008), several approaches are studied to deal with situ-
ations where the delays involved do not allow achieving the
desired frequency, including (among others) a proposal that
automatically adjusts QueryGen to the maximum supported
frequency.

5. Volatile Data Updating

Concurrently to the query answering process, once the
tables have been created and populated, the Update Wrap-
per begins accepting update requests for the volatile proper-
ties that are involved in the plans, and, using the intensional
knowledge stored in the Knowledge Storage, it updates the
values stored in the Data Storage.

As it has been stated above, the extension of the volatile
properties is stored in the Data Storage. To ensure the con-
sistency of the data, QueryGen relies on a wrapper that treats
the different data updating requests.

In general, the addition of new volatile knowledge is
treated as insertions in a table, the modification of volatile
knowledge is treated as an update of the table, and the retrac-
tion of volatile knowledge is treated as a deletion from the ta-
ble. Furthermore, this wrapper uses the knowledge asserted
in the Knowledge Storage to check the validity of the possi-
ble updates and to maintain the data well updated according
to the properties of the volatile properties. In particular, the
Update Wrapper deals with:
• Inverse object properties: inserting/deleting (a, b) in a

table TR implies inserting/deleting (b, a) in TS for every ob-
ject property S which is inverse of the object property R;
similarly, updating (a, b) with (a, c) in R implies updating
(b, a) with (c, a) in S .
• Functional object/datatype properties: inserting (a, b)

into a table TR implies updating if there exists a previous
value of the form (a, x).
• Disjoint object/datatype properties: it has to check that,

when inserting new values, the tuple (a, b) is not participating
in the other disjoint properties.
• Reflexive object properties: the instances that belong

statically to the domain of the volatile properties have to be
inserted into the relationship.
• Irreflexive object properties: when inserting or updat-

ing, the wrapper has to check that the new value for the sub-
ject of the relationship is not equal to the target object.

• Symmetric object properties: inserting/deleting (a, b)
in/from R also implies inserting/deleting (b, a) in/from R.
The same is applied to updates.
• Asymmetric object properties: when inserting (a, b) in

R, the wrapper has to check that (b, a) is not in R. The same
is applied to updates.

It should be noted that, since the DBMS does not have
a reasoning mechanism, we need a module responsible for
keeping the semantics of the data. The existence of an exter-
nal updater allows us to process the updates according to the
semantics that are stored in the Knowledge Storage. These
updates should not be encapsulated in database triggers, as
several of them would need to be re-entrant (i.e., they would
affect the triggering table itself) and re-entrant triggers are
usually heavily constrained in existing DBMS. As an exam-
ple of re-entrant trigger, maintaining symmetric object prop-
erties with a trigger would require inserting in the same table
that fired the trigger.

Moreover, this architecture enables to easily attach sev-
eral data sources (sensors, location readers, etc.) to the query
processor, as the Update Wrapper can export its services in
several ways (software libraries, Web Services, etc.).

Another important observation is that DBMS are opti-
mized to access data and usually know how to reuse the re-
sults of previous queries. Hence, the DBMS is able to reuse
the unchanged part of the volatile part of the ontology with-
out requiring an extra effort from the system proposed in this
paper.

Once we have presented the different steps of our system,
we can state now the following results about our approach.

Proposition 4. Given an ontology O, a volatile property R,
its associated table TR, and two individuals i1, i2, if there ex-
ists a tuple t = [i1, i2] in the database such that t ∈ TR then
R(i1, i2) holds.

Notice that the converse is not true in general. For exam-
ple, as we will discuss in Section 6.1, QueryGen does not
currently handle transitive roles.

Proposition 5. Given an ontology O and a query concept Q,
QueryGen only retrieves instances of Q.

This latter result can be shown by noting that our query
expansion process builds a correct plan (Proposition 1) and
that our translation into the relational algebra preserves the
semantics of the query concept (Propositions 2–4).

6. Syntax and Semantics

In this section, we detail the syntax and the semantics of
the language supported by QueryGen. Then, we summarize
all the assumptions imposed so far.

6.1. Syntax

If there are only static properties, the syntax and seman-
tics are exactly that of OWL 2 (see the appendix for details).
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QueryGen behaves exactly as a DL reasoner, and what it ac-
tually does is just call it. This is however a very unlikely sce-
nario because QueryGen is built for scenarios where volatile
properties appear.

When there are volatile properties, we have the following
restrictions:

(R1) Properties are annotated so the system can be aware of their
volatile/static nature. In particular, we use the annotation
property “dc:type” with values “volatile” or “static”, respec-
tively.

(R2) Every property appearing in a subproperty axiom must be
static.

(R3) Every property appearing in a subproperty chain axiom must
be static.

(R4) Every property appearing in a property definition must be
static.

(R5) We cannot assert that a volatile property is transitive.

(R6) The domain of a volatile property cannot be a volatile con-
cept.

(R7) The range of a volatile property cannot be a volatile concept.

(R8) If the TBox has an axiom of the form C := D for a volatile
concept D, C is an atomic concept.

(R9) If the TBox has an axiom of the form C := D for a volatile
concept D, there is no other axiom of the form C := D′ for a
volatile concept D′5.

(R10) The class definitions of volatile concepts cannot contain cy-
cles.

Restriction (R1) is needed because our system cannot
automatically discover volatile properties, as discussed in
Section 6.3. Restrictions (R2)–(R5) are necessary because
QueryGen is not currently able to propagate the changes ac-
cording to their semantics. We also need restrictions (R6)–
(R10) to expand the query tree in a correct way. For instance,
(R10) is needed to guarantee the termination of the expansion
process.

Hence, when volatile properties are used, the supported
expressivity is a subset of OWL 2. The supported fragment
is an extension of the DL ALCOIQ(D) with limitations on
the ABox but with additional role constructors, namely uni-
versal roles, negated role assertions and disjointness, reflex-
ivity, irreflexivity, symmetry, and asymmetry of roles. For an
explanation of the names of the different DLs, we refer the
reader to (Baader et al., 2003).

6.2. Semantics
As explained in Section 6.1, if there are only static prop-

erties, the syntax and semantics are exactly that of OWL 2.
When volatile properties are involved, we require the Unique
Name Assumption and the Closed World Assumption in or-
der to take advantage of databases to solve queries, which is
one of the key features of QueryGen. The reader is referred
to Section 6.3 for a discussion about these two paradigms and
a justification of our choice.

It is worth discussing how this can change the semantics
of the ontological volatile concepts. In particular, we will

focus on their volatile dimension6. Let us consider the cases
that make a difference in detail:
• For QueryGen, Rv some C does not contain an individ-

ual a if there is not a known property value R(a,b) such that
C(b) holds. This is not the case in OWA, where this could
also be true for the unknown values of R.
• For QueryGen, Rv only C is composed by every individ-

ual a such that for every known property value R(a,b), C(b)
holds. This is not enough in OWA, where C(b) might not
hold for unknown values of R − f illers b.
• For QueryGen, Rv min n C does not contain an individ-

ual a if there are not n known property values R(a,b) such
that C(b) holds. This is not the case in OWA, where this
could also be true for the unknown values of R.
• For QueryGen, Rv max n C is composed by every indi-

vidual a such that there are at most n property values R(a,b)
such that C(b) holds. This is not enough in OWA, where C(b)
might not hold for unknown values of R − f illers b.
• For QueryGen, Rv exactly n C is composed by every in-

dividual a such that there are exactly n property values R(a,b)
such that C(b) holds. This is not enough in OWA, where C(b)
might not hold for unknown values of R − f illers b.

6.3. Assumptions

Firstly, we will enumerate the assumptions of our ap-
proach and then we will explain them in detail:
• Only volatile property assertions can change.
• Volatile properties must be manually identified by the

ontology developer.
• Only instance retrieval is supported.
• Volatile extensions impose some restrictions on the ex-

pressivity of the ontology language: some concept construc-
tors and axioms cannot be used with volatile properties.
• Volatile extensions assume the Unique Name Assump-

tion (UNA) and the Close World Assumption (CWA).
• Completeness is not guaranteed in exchange for the ef-

ficiency of the reasoning.

Only Volatile Property Assertions Can Change. In our ap-
proach, only the ABox (in particular, the volatile property
values) can change, but the TBox remains constant. In fact,
after the development of the ontology is finished, it seems
reasonable to keep the TBox constant because the intensional
knowledge is much more stable and unchangeable than the
extensional knowledge.

Volatility Marked at Modeling Time. We assume that the
ontology developer marks every volatile property. Right now,

5 This is not an important limitation, as both axioms C := D
and C := D′ could be replaced by either one axiom of the form
C := (D or D′), or one axiom of the form C := (D and D′). How-
ever, the ontology developer must decide which transformation is
more appropriate: in the former case the change on one volatile
concept is enough to change the extension of C, whereas the latter
case requires a change on each of the involved volatile concepts.

6 Recall that their static dimension is treated using OWA.



ANSWERING CONTINUOUS DESCRIPTION LOGIC QUERIES: MANAGING STATIC AND VOLATILE KNOWLEDGE IN ONTOLOGIES 13

QueryGen is not able to provide any help at this step. For in-
stance, if an object property is volatile, then the ontology de-
veloper is responsible of marking as volatile its inverse prop-
erty as well.

It is worth noting the work in (Ren, Pan, & Zhao, 2010),
which is able to automatically detect changed knowledge. In
our setting, the separation between static and volatile prop-
erties is included in the ontology itself. We consider that the
volatility of a property depends heavily on the specific do-
main that is being modeled (e.g., the locations of buildings
in an ontology about buildings are static, whereas the loca-
tions of objects in an ontology about moving objects are not),
and thus it is subject to a modeling decision. Furthermore, an
automatic detection of the volatile properties is challenging
since the fact that some property value has not changed for
some time does not imply that it will never change in the
future (e.g., the fact that a car has been stopped for a long
time does not imply that its position is static, as in fact the
car may be parked and it could start moving at any time).

Only Instance Retrieval is Supported. The only supported
reasoning task for the moment is query answering, i.e., in-
stance retrieval of a DL concept expression. In our view,
other reasoning tasks such as consistency checking, concept
satisfiability, or concept subsumption, make more sense in a
static scenario.

Restrictions on the Expressivity when Dealing with
Volatile Properties. As stated in Section 6.1, there are no
restrictions on static properties but there are some syntactic
restrictions involving volatile properties.

UNA and CWA Assumed when Dealing with Volatile Data.
Under Unique Name Assumption (UNA), if two entities have
a different name they are considered to be different. This is
usually assumed in databases but not in ontology languages,
where two individuals only represent different entities if this
is logically implied by the ontology. The OWL 2 axiom
DifferentFrom makes it possible to state that two individuals
are indeed different. We adopt the UNA assumption because
each entity in our approach will have a unique identifier.

With the Open World Assumption (OWA), the unknown in-
formation is not considered to be necessarily false. This as-
sumption is the usual one in ontology languages, because in
most cases we only have partial information about the world.
For instance, a vehicle in the ontology could be an ambu-
lance, even if it is not asserted to be an ambulance in the
ontology. This way, reasoning is monotonic, since the new
information cannot contradict previous assumptions.

With the Closed World Assumption (CWA), the unknown
information is considered to be false. For example, if there is
a list of physicians of a hospital, it is reasonable to think that
people not included in the list are not doctors of the hospital.
This assumption, which is the usual one in databases, can be
done when the knowledge is complete.

A perfect query rewriting7 requires OWA, but CWA is a
reasonable choice in query evaluation (see Section 9). Con-
sequently, when volatile properties are involved, we also re-

quire the Closed World Assumption in order to take advan-
tage of databases to solve queries.

Sound, but not Complete. A query system is sound if all
the retrieved results are correct, i.e., relevant to the original
query, and complete if all the correct results are retrieved.
When considering only static properties, QueryGen is sound
and complete. This is very easy to show because we in-
voke a classical DL reasoner and the knowledge base will not
change over time because the properties are static. However,
if we want to use volatile properties, the situation is different,
as we explain in the following.

QueryGen is sound if the knowledge is consistent. If not,
there is a contradiction between the static classification and
the dynamic values. In our approach, whenever there is a
contradiction between the static classified knowledge and the
dynamic updates, we give preference to the static knowledge.
The reason is that the static knowledge is not expected to
change. On the contrary, data streams are inevitably noisy
and could contain spurious data. Hence, QueryGen assumes
that the inconsistency is produced by an error in the data and
gives preference to the static classification by assuming that
it is valid.

Regarding completeness, it is not guaranteed if there are
volatile properties, as Example 5 in the next section will
show. However, the completeness of the reasoning can be
sacrificed in exchange of speeding the query answering pro-
cess (Dentler et al., 2011).

7. Examples of Query Answering

In this section we will illustrate now the differences be-
tween our approach and a classical ontology reasoning ap-
proach using six examples. Our objective now is not to mo-
tivate our approach as in Section 2.2, but to help the reader
understand how QueryGen works.

Example 1. Let occupant be a volatile property, and assume
an ontology O1 = { SOSVehicle := (occupant some Physi-
cian), Physician(person1), Vehicle(vehicle1) }.

Firstly, QueryGen create four tables: TPhysician represents
the concept Physician, TVehicle represents the concept Vehi-
cle which is the domain of occupant, TSOSVehicle represents the
concept SOSVehicle, and Toccupant represents the relation oc-
cupant. Furthermore, the table TPhysician is initialized to con-
tain a tuple representing the individual person1, and TVehicle
is initialized to contain the individual vehicle1. At this point,
if we submit a query to retrieve the individuals of SOSVe-
hicle, the answer would be the empty set. QueryGen and a
traditional DL reasoner would provide the same answer.

Example 2. Consider again Example 1 but assume that, af-
ter some time, occupant(vehicle1, person1) holds, which is
possible because occupant is volatile.

7 Query rewriting means to rewrite an ontological query to an-
swer it with the help of another formalism. It is considered perfect
when it is completely equivalent.
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Let O′1 = O1 ∪ {occupant(vehicle1, person1)}. The sys-
tem inserts a tuple representing the pair (vehicle1, person1)
into Toccupant. If we submit the previous query again, now
both systems would retrieve individual vehicle1. However,
the difference is that the classical ontology reasoning needs
to classify again before solving the query, which may require
an important computational effort, whereas QueryGen sim-
ply queries a database, which is faster. It is interesting to em-
phasize that we are not performing reasoning on the database
extension; on the contrary, we take advantage of the database
information to answer queries in a faster way.

Example 3. Let occupant be a volatile property, and assume
an ontology O2 = { Ambulance := (occupant only Physi-
cian), NonPhysician(person1), Ambulance(vehicle1), Physi-
cian disjointWith NonPhysician }.

QueryGen creates tables TAmbulance, TPhysician, TNonPhysician,
and Toccupant, inserts a tuple person1 into TNonPhysician, and in-
serts a tuple vehicle1 only to TAmbulance. Now, if we query for
the individuals of Ambulance, the answer would be vehicle1,
both in QueryGen and in a classical DL reasoner.

Example 4. Consider again Example 3. Now let us see what
happens if, after some time, occupant(vehicle1, person1) is
asserted in the ontology.

Let O′2 = O2 ∪ {occupant(vehicle1, person1)}. After in-
serting a tuple representing the pair (vehicle1, person1) into
Toccupant, there is a contradiction regarding person1. On the
one hand, TNonPhysician contains person1, so person1 is an in-
stance of NonPhysician. On the other hand, every instance of
Ambulance, is also an instance of (occupant only Physician),
so person1 is an instance of Physician as well. However,
Physician and NonPhysician are disjoint.

Let us see what happens when we submit a query to re-
trieve the individuals of Physician. Both approaches would
obtain a different result:
• A classical DL reasoner would answer that there is

a contradiction, as person1 is an instance of two disjoint
classes.
• Our approach works differently. To avoid the erro-

neous results that may be obtained when there are volatile
properties, and so the potential contradictions, we give more
preference to the static classification of primitive concepts
(e.g., Physician and NonPhysician in the example) and use
the volatile properties only if they are not inconsistent with
the previous information. In this particular case, QueryGen
assumes that person1 is an instance of NonPhysician (as
stated in the ontology), so the answer would be the empty
set. Rather than being counter-intuitive, this result is the ef-
fect of giving more preference to the static classification than
to dynamic updates, in order to avoid the effect of spurious
property values.

As we will see in Section 9, some approaches in the litera-
ture behave differently, performing only database reasoning,
and being limited to the use of less expressive ontologies.

Finally, we will show a situation where QueryGen an-
swers are not complete.

Example 5. Let occupant be a volatile property, and assume
an ontology O3 = { Ambulance => (occupant some Physi-
cian), Ambulance(vehicle1) }.

If we query for the individuals of Ambulance, the an-
swer would be vehicle1, both in QueryGen and in a clas-
sical DL reasoner. However, if we query for the individu-
als of (occupant some Physician), QueryGen would not re-
trieve any individual, so it is not complete. The reason is
that, since occupant is volatile, QueryGen would just retrieve
from the DBMS those instances being related to some physi-
cian through the occupant relation, which is an empty set.

This situation would not happen if the ontology would
contain a definition instead of a subclass axiom, as shown
in the following example.

Example 6. Let occupant be a volatile property, and assume
an ontology O4 = { Ambulance := (occupant some Physi-
cian), Ambulance(vehicle1) }.

Now, when querying for the individuals of (occupant
some Physician), QueryGen would indeed retrieve individ-
ual vehicle1, as the defined concept would be expanded and
its static extension would be taken into account to calculate
the answer.

8. Experiments
We have performed an extensive experimental evaluation

to validate the interest of our proposal. In this section, basic
details of the implemented prototype are explained and some
experimental results are shown.

8.1. Experimental Design
The objective of the experiments is to prove empirically

three hypotheses:
1. QueryGen outperforms classical DL reasoners in the

presence of volatile properties.
2. QueryGen is scalable even for very large ABoxes,

thanks to the use of databases.
3. QueryGen can support a change rate suitable for appli-

cations that continuously need up-to-date data.
Our aim is by no means to compare QueryGen with a spe-

cific DL reasoner, but to compare two different paradigms
to solve the problem of efficient query answering in highly-
dynamic scenarios. Classical DL reasoners are not designed
to support frequent changes, whereas QueryGen is able to
take advantage of the ability of databases to deal efficiently
with changes in big amounts of data. In such scenarios, it
makes sense to use specific solutions like ours, but classical
DL reasoners are of course more appropriate for other pur-
poses and applications.

Our objective is to support an ontological language as ex-
pressive as possible. As we will discuss in detail in Sec-
tion 9, state-of-the-art ontology reasoners for continuous an-
swering cannot support the expressivity supported by Query-
Gen. Hence, we will compare our system with OWL 2 rea-
soners, that can support our expressivity, but not with other
less expressive continuous DL answering systems.
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Technical Details. Our prototype has been developed us-
ing Java 1.6 as the programming language, MySQL 5.6.10
(64 bits) as the DBMS, Pellet 2.2.2 (Sirin, Parsia, Cuenca-
Grau, Kalyanpur, & Katz, 2007) as the background DL rea-
soner, and OWLAPIv3.2 (Horridge & Bechhofer, 2011) as
an interface to access Pellet. All the experiments were run
on a computer with an Intel Core i5-2320 processor running
at 3.00 GHz and 16 GB of RAM memory.

The choice of the DL reasoner can be justified as fol-
lows. Besides Pellet, we also performed experiments us-
ing HermiT (Rob Shearer & Horrocks, 2008) as the DL
reasoner, as it implements the most recent classifying algo-
rithms (Glimm, Horrocks, Motik, Shearer, & Stoilos, 2012).
HermiT really worked very well with the TBox, but the
processing times obtained to handle our ABox were pro-
hibitive even for testing purposes, which led us to use Pellet8.
Moreover, Pellet allows using the Unique Name Assumption
(UNA) by default, instead of having to relate all the instances
using DifferentFrom axioms.

We also considered using Fact++ (Tsarkov & Horrocks,
2006) and RacerPro (Haarslev, Hidde, Möller, & Wessel,
2012). However, since QueryGen uses the DL reasoner to
compute several subsumption tests, we chose DL reasoners
that are fast in ontology classification. Hence, we chose Pel-
let and HermiT because they are usually faster than Fact++
in ontology classification, as shown in (Rob Shearer & Hor-
rocks, 2008). RacerPro was discarded because it does not
completely support OWL 2, since some axioms are approxi-
mated or ignored for reasoning.

Used Ontology. The reference ontology used is the one
previously presented in Section 2.2, being its expressivity
ALCIQ(D). Different details on the size of the ontology
and the distribution of the instances are shown in Table 2.
The mean number of datatype property assertions is quite
different from the number of object properties, as there is
only one datatype property in the ontology and it is volatile;
moreover, we do not allow asserting any value for the volatile
properties.

Note that the number of axioms is different from the num-
ber of RDF triples, as each of the asserted axioms might re-
sult in several underlying RDF statements.

Methodology. The comparison with a DL reasoner has
been performed by asserting one query at a time, as the infer-
ence time with the traditional reasoner-based approach grows
quickly with the number of defined concepts and with the ex-
pressivity of the definitions. However, our approach did not
notice the addition of more definitions using volatile prop-
erties: they have no values asserted at query initialization
time, so they just have a slight impact on the time needed to
classify the static knowledge. This also makes our approach
more scalable in terms of the number of concurrent queries
that can be processed.

The conducted tests consisted of the execution of 6 re-
freshments of the queries shown in Table 3. They were re-
peated for different scenarios with an increasing number of
instances. In the general case, we were not able to continue

incrementing the number of instances further than 5000 be-
cause Pellet was not able to support a higher number. Nev-
ertheless, just in order to test the scalability of our approach,
we considered up to 100000 instances.

In our initial experiments, the amount of volatile data
that changed between answer refreshments was about 35%.
However, in order to evaluate the approaches in a more chal-
lenging scenario, we repeated the experiments changing all
the volatile data from step to step. So, the experiments re-
ported in this paper consider the challenging situation of a
100% update rate. This will be justified in Section 8.3.

A 100% update rate does not imply processing just one
message but 3 multiplied by the number of instances, since
every instance has 3 property assertions. Although it is more
efficient to group several messages in order to process them
in batches (the system could keep a queue of messages and
update the system in batches every second), we have also
performed some additional tests to measure the change rate
when we forced the system to update after receiving every
single message.

Table 2
Statistics of the dataset used.

Mean size of the ABox (#Axioms)
#instances #Class

Axioms
#ObjProp
Axioms

#DataProp
Axioms

1250 1250 1753 436
2500 2500 3507 795
3750 3750 5254 1339
5000 5000 6998 1737

Distribution of instances
Vehicle (and subclasses) 64%
Person (and subclasses) 30%

Job (and subclasses) 6%

Evaluated Policies. We performed the tests using 3 differ-
ent approaches:

1. Using a DL reasoner to load and classify each of the
snapshot ontologies. By snapshot ontologies we mean on-
tologies with the volatile properties populated with the right
values at the moment of the refreshment.

2. Using a DL reasoner to load the base ontology (just
the TBox and the static part of the ABox) and updating the
volatile properties through its API. This is theoretically the
way the reasoner should be used, as there are volatile values
that could make the ontology inconsistent. To avoid this, the
reasoner has to retract the facts that no longer hold. For ex-
ample, the available property is functional and its range is
boolean; so, when its value changes for an instance, the rea-
soner has to retract the previous value due to two reasons: it
can only have one value, and it is not consistent to have both
a true and a false value for the availability. We will refer to
this strategy as the classical approach.

8 For the same number of instances in the ABox, the times ob-
tained by using HermiT were about 2.5 times higher than the times
obtained by using Pellet.
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Table 3
Query set used in the experiments.

Query Set
Queries where CWA and OWA produce the same answer (CWA = OWA)

SOSVehicle Vehicle and (occupant some Physician)
AvailableSOSVehicle SOSVehicle and (available value true)

CrowdedVehicle Vehicle and (occupant min 3 Person)
AvailableCrowdedSOSVehicle AvailableSOSVehicle and CrowdedVehicle

PersonOnBike Person and (occupy some Bicycle)
Queries where CWA and OWA produce different answers (CWA <> OWA)

BalancedVehicle Vehicle and (occupant exactly 2 Person)
LowOccupiedVehicle Vehicle and (occupant max 1 Person)

AvailableBalancedSOSVehicle AvailableSOSVehicle and BalancedSOSVehicle
AvailableLowOccSOSVehicle AvailableSOSVehicle and LowOccupiedVehicle

PersonOnFoot Person and not (occupy some Vehicle)
HealthyPerson PersonOnFoot or PersonOnBike

This classical approach can be combined with 2 alternative
update policies: a buffered policy and an unbuffered pol-
icy. With the buffered policy, all the updates are accepted
by the reasoner and the reclassification process is performed
at query time. With the unbuffered policy, the updates are
processed as they arrive, and so the reclassification process
is performed at update time.

3. Using the approach presented in this paper. In this
case, the Knowledge Storage is in charge of the static knowl-
edge, and the management of volatile data is performed by
the Data Storage component. All the updates on the volatile
properties are performed through the Updater Wrapper.
This approach can be combined with 4 alternative update
policies regarding the use of database transactions and in-
dexes. On the one hand, to manage the update requests we
can either consider individual transactions, each of them in-
volving all the required operations according to the seman-
tics of the updated property, or consider a unique complex
transaction for all the updates. Clearly, the latter approach
is faster, but in case of a general failure during the update
the database could finish in an incoherent state (for example,
the DBMS may insert the tuple corresponding to an object
assertion involving a volatile property but not the tuple cor-
responding to its inverse property). This is not an acceptable
policy in practice, but we want to test the cost of keeping the
database in a coherent state.
On the other hand, it is possible to create extra indexes to
cover separately each of the different columns of the tables
involved in the query, or we can have no additional indexes
and use just the ones created for the primary keys. In the first
case, updating is harder but answering is faster. In particular,
we created indexes for the columns that are used in the join
operations. One could think of using additional indexes, but
this is not easy without imposing assumptions on the data
(e.g., about the distribution of values). Since the database
schema obtained as a query plan is not very complicated,
these indexes seem a reasonable choice.
Hence, there are 4 possibilities: indexes and transactions, in-
dexes but not transactions, transactions but not indexes, and

neither indexes nor transactions.
The first approach was considered just to have a ground

set of answers to compare the correctness of the results ob-
tained using the other two approaches. In the remaining we
will discuss the results of the two other approaches.

We also wanted to test the incremental consistency check
that Pellet provides9, but unfortunately it only works with on-
tologies whose expressivity is SHIQ or SHOQ, that is, it
does not support datatypes for incremental reasoning, which
is crucial in mobile and dynamic scenarios.

8.2. Results
A complete description of the results, including the de-

tailed results for every query in our dataset, can be found at
http://sid.cps.unizar.es/ContQueries/index.html10.

The results are shown in Figures 9–11, illustrating the
mean values of the answering times when using Query-
Gen (QG) and when using the Pellet reasoner with both up-
date policies (buffered reasoner –PB– and unbuffered rea-
soner –PU–). Recall that, as explained in Section 8.1 when
discussing the methodology, we only consider up to 5000 in-
stances because the DL reasoner Pellet was not able to sup-
port more. In these experiments, QG uses transactions but
not indexes because this is the best configuration, as we will
show later. In particular:
• Figure 9 presents the global mean values considering

all the queries.
• Figure 10 presents the mean values of those queries for

which CWA and OWA lead to the same answer.
• Figure 11 presents the mean values of those queries for

which CWA and OWA produce a different answer.
In each case, we show three parameters:

9 According to (Dentler et al., 2011), Pellet is the only reasoner
that provides incremental reasoning and consistency checking al-
lowing both the assertion and the retraction of existing axioms.

10 This document will be especially useful for a reader interested
in the results that do not contribute significantly to the total time,
such as the answering time for the different configurations of Query-
Gen.
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Figure 9. Performance taking all the queries into account.

Figure 10. Performance for queries where CWA = OWA.

Figure 11. Performance for queries where CWA <> OWA.

• Update volatile data time: seconds needed to update the
knowledge base.
• Reclassify time: seconds needed to reclassify the ontol-

ogy after the changes in the volatile data.
• Answer time: seconds needed to return an answer after

the two previous steps.
The initialization times are not described in this section as

they are not significant in comparison with the other times.

We distinguish the queries that did not return the same
answer with CWA and OWA (Figure 11) because their re-
sults were quite tricky. The DL reasoner knows when it can-
not include an individual in an answer due to the OWA and
sometimes it answers really quickly by simply returning an
empty set. However, as QueryGen considers CWA for the
volatile properties, it gives a correct answer with the data
that are actually collected. In this way, questions such as
HealthyPerson or AvailableLowOccupiedSOSVehicle can be
answered by QueryGen, while this is not possible with a clas-
sical approach. The interesting result is that the difference in
the answering time between QueryGen and the DL reasoner
is even bigger when the reasoner with CWA and OWA pro-
duces the same answer.

Next, Figure 12 compares the 4 update policies in
QueryGen to discover the best one: indexes and trans-
actions (Idx. ON, Trans. ON), indexes but not transac-
tions (Idx. ON, Trans. OFF), transactions but not indexes
(Idx. OFF, Trans. ON), and neither indexes nor transactions
(Idx. OFF, Trans. OFF). For each of the cases we compute
the update volatile data time and the answer time11.

Figure 12. Comparison of the 4 update policies in QueryGen.

Figure 13 shows the scalability of QueryGen (for the two
Idx. OFF policies) compared with the classical reasoner (for
the buffered policy).

Finally, Figure 14 shows the results of the performance
of our system regarding the change rate that it can support.
The change rate is defined as the inverse of the time needed
to process one single change in the data. In particular, Fig-
ure 14 shows the change rate in QueryGen for two Trans. ON
policies (Idx. ON, Trans. ON, and Idx. OFF, Trans. ON). In
this case, since the system is answering after every message,
it is mandatory to use Trans. ON to keep the consistency of
the databases. As shown in the figure, our system supports
a high change rate (between 2100 and 2500 messages per
second) independently of the total number of instances.

11 Recall that QueryGen does not need to reclassify.
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Figure 13. Scalability of the approaches.

Figure 14. Change rate in QueryGen.

8.3. Discussion

Regarding the First Hypothesis. Independently of the up-
date policy chosen, our approach outperforms the classic ap-
proach. It can be easily seen that the most important contri-
bution to QueryGen’s query processing time is the updating
time. Answering is very fast thanks to the use of a DBMS
and, moreover, it does not change in a significant way with
the number of instances. Recall that the figures show the
results of updating the whole dataset and not just one single
message; this latter case will be discussed later.

This fact justifies our decision of using a 100% update
rate, i.e., a complete update of the volatile properties. This
is the most challenging scenario for QueryGen as it requires
a lot of updates, which is the most costly part and does not
add further difficulties to the DL reasoner since its results are
similar independently of the data update rate, as the reclas-
sification process has to be performed independently of the

amount of data change. In scenarios where the update rate
is lower, the processing times of our system will strongly
decrease.

Regarding the Second Hypothesis. We can also see that
QueryGen scales very well, incrementing the answering time
linearly with the size of the ABox, due to the use of a DBMS,
oriented to data handling. Notice that QueryGen could sup-
port 100000 instances in a case where the classical approach
was not able to support more than 5000 instances.

Regarding the Third Hypothesis. Our experiments also
show that QueryGen really supports a change rate suitable
for applications that continuously need up-to-date data. In
every case, it could process more than 2000 messages per
second.

The change rate is better when we can group several mes-
sages to update them together, as the database connections
can be kept open, the DBMS can optimize the updates, etc.
This can be seen in Figure 14, where, in spite of processing
just one message each time, the higher the number of mes-
sages to be processed, the higher the impact of the different
optimization policies of the DBMS (the change rate stabi-
lizes at about 2500 messages per second).

Analyzing the Different Policies in Detail. In the classical
approach, the buffered policy produces better results than the
unbuffered one. The reason is that, in the former case, almost
all the time is dedicated to the update task as it also involves
the reclassification of the instances, whereas in the latter case
the update cost is really low but the answer cost rises.

In our approach, it is not surprising that when additional
indexes are created the updating times slightly increase due
to the need of updating these extra indexes as well. The an-
swering times slightly decrease, but it is almost not apprecia-
ble. Hence, having additional indexes is not worth it. The
updating of the properties needs the transaction mechanism
(Trans. ON) to ensure that all the affected tables are consis-
tently updated. Anyway, we observe that it is an affordable
overhead. For example, for 5000 instances12, the updating
time using transactions is just 6.3 seconds vs. 4.65 seconds
with transactions turned off (both using Idx. OFF configu-
ration). The policy Trans. OFF produces a reduction in the
total answering time, but it is more risky. In our opinion,
Trans. ON, Idx. OFF is the best configuration for QueryGen,
as the risk of having the database in an incoherent state is
unacceptable in a practical application.

Final Remarks. It is worth noting that we have presented
the mean values because in our approach all the queries be-
have in the same way. The reason is that, even though the
different queries produce different SQL queries, the time
needed by the DBMS to solve them is similar. In general,
different SQL queries can have different complexities, but
the types of SQL queries that QueryGen produces have a

12 5000 instances is the limit that Pellet could handle in our pre-
vious tests.
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controlled complexity due to our translation of DL into re-
lational algebra.

Even if QueryGen outperforms the classical approach, it
should be kept in mind that it imposes several limitations (see
Section 6), that may not be feasible in several applications.
Notably, completeness is sacrificed to have faster answering
times.

To conclude this section, it is convenient to explain that
we have not compared our approach with any other simi-
lar stream reasoning approaches because, to the best of our
knowledge, none of them is similar enough to our approach
to produce a significant experimental comparison. In the next
section we will provide an example that other related systems
cannot currently support.

9. Related Work
In this section, we review some related and comple-

mentary approaches. Firstly, Section 9.1 analyzes other
approaches sharing our objective of answering continuous
queries in ontologies. Then, Sections 9.2, 9.3, 9.4, and 9.5
overview existing work on the use of databases in ontology
reasoning, semantic sensor data, CWA in ontologies, and on-
tology dynamics, respectively.

9.1. Stream Reasoning
Several works have contributed to bridging the ex-

isting gap between Data Stream Management Systems
(DSMS) (Golab & Özsu, 2003), which are specialized in
the processing of highly-dynamic and continuously arriving
data, and reasoners (Mishra & Kumar, 2011), which provide
inferencing and reasoning.

The so-called Stream Reasoning (Della Valle, Ceri, van
Harmelen, & Fensel, 2009) tries to unify the positive aspects
of data streams, reasoners, and the Semantic Web (Shadbolt,
Berners-Lee, & Hall, 2006). Enhancing data stream technol-
ogy with these capabilities is interesting, as the importance
of data stream technologies is expected to grow (Ilarri et al.,
2010). In relation to stream reasoning, we could highlight
the following works:
• In (Barbieri, Braga, Ceri, Della Valle, & Grossniklaus,

2010b), which extends an algorithm proposed in (Volz,
Staab, & Motik, 2005), a technique to efficiently maintain
a materialized view of RDF triples in the presence of con-
tinuous updates is proposed. The approach is based on the
processing of incoming streaming data according to sliding
windows and on the computation of expiration time infor-
mation for the RDF triples (explicitly inserted or inferred).
As opposed to this approach, our proposal does not process
the data in sliding windows (alternatively, we could say that
we assume now windows (Krämer & Seeger, 2009)), it does
not rely on expiration times, and it is driven by the active
continuous queries (Terry, Goldberg, Nichols, & Oki, 1992).
• Similarly, the works presented in (Ren, Pan, & Zhao,

2010) and (Ren & Pan, 2011) rely on syntactic approxima-
tions of the ontologies and on truth maintenance systems, re-
spectively, to update the materialized knowledge as the facts
change. Although these approaches are able to automatically

detect changed knowledge, they do not separate static and
volatile knowledge, and restrict the expressivity of the whole
model to OWL 2 EL. On the contrary, in our proposal we
advocate the use of different strategies to manage the static
and the volatile knowledge, and we also support a higher ex-
pressivity (see Section 6 for more details). Moreover, the ex-
periments conducted in (Ren & Pan, 2011) are with relatively
low-changing data (10% of data updates), which in scenarios
such as mobile environments is not enough because there are
properties (e.g., the locations of moving objects) that are con-
tinuously changing. As opposed to this, in our experiments
we considered a worst-case scenario with 100% of data up-
dates, and the experimental results obtained show that our
approach can deal with such highly-dynamic scenarios. Fur-
thermore, these works are not able to deal with datatypes,
which in our opinion are one of the main sources of dynamic
changes.
• ETALIS (Anicic, Rudolph, Fodor, & Stojanovic, 2012)

copes with stream reasoning from the point of view of Com-
plex Event Processing (CEP). However, it focuses on the de-
tection and processing of events over the streams by convert-
ing them into event streams (which provide higher semantic
events). So, this is in fact complementary to our work as,
through the use of our Update Wrapper and without losing
any expressivity, their event streams can be attached seam-
lessly to QueryGen as another source of dynamic data that
feed the volatile properties of QueryGen.

A notable difference with our approach is that we sup-
port having an OWL 2 ontology as background knowledge.
Consider a modification of our example in Figure 1 where
CrowdedVehicle is not a query but a defined term in the on-
tology, i.e., it belongs to the TBox. To the best of our knowl-
edge, none of the other existing systems can directly support
qualified cardinality restrictions.

It is also worth mentioning that several languages have
been proposed to query RDF streaming data, such as
Continuous SPARQL (C-SPARQL) (Barbieri, Braga, Ceri,
Della Valle, & Grossniklaus, 2010a; Stuckenschmidt et
al., 2010), StreamingSPARQL (Bolles, Grawunder, & Ja-
cobi, 2008), Time-Annotated SPARQL (Rodrı́guez, McGrath,
Liu, & Myers, 2009), Event Processing SPARQL (EP-
SPARQL) (Anicic, Fodor, Rudolph, & Stojanovic, 2011), and
Spatio-Temporal SPARQL (stSPARQL) (Koubarakis & Kyzi-
rakos, 2010). These are complementary works to ours, as we
do not focus on the definition of a query language but on the
development of an approach that enables an efficient query
processing on both static and highly-dynamic data.

Leaving aside semantics, there is a considerable amount
of effort in the processing of flows of information without
taking into account semantic data. We refer the interested
reader to the good overview provided in (Cugola & Margara,
2012).

9.2. Using Databases for Ontology Reasoning

Several works have also proposed using at the same time
databases and reasoners. For example:
• In (Al-Jadir, Parent, & Spaccapietra, 2010), the authors
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propose the use of databases to store large ontologies and
develop the appropriate reasoning capabilities as PL/SQL
stored procedures that assert and remove axioms as needed.
The goal is to ensure a good scalability, which cannot be of-
fered by existing reasoners. Their prototype, called Onto-
MinD (Ontology Management in Databases), stores an ontol-
ogy in multiple tables (one table per class and one binary ta-
ble per property), materializes the inferred information, and
performs reasoning when the updates are performed instead
of at query time, in order to favor query-intensive applica-
tions. However, the main concern of that work is how to map
ontologies to databases, and it does not focus on contexts
where the data are continuously changing. Besides, it only
supports OWL 2 QL (DL-Lite).
• Other approaches also propose the linked use of

databases and reasoners (such as the OWL Instance
Store (Bechhofer, Horrocks, & Turi, 2005), Minerva (Zhou
et al., 2006), SOR (Ma et al., 2007), or OntoDB (Hondjack,
Pierra, & Bellatreche, 2007)), the use of deductive databases
as a supporting environment for rules obtained from ontology
axioms (such as (Grosof, Horrocks, Volz, & Decker, 2003;
Volz et al., 2005; Weithöner, Liebig, & Specht, 2004)), or ex-
tending existing database engines with inferencing capabili-
ties (e.g., semantic technologies in Oracle (Oracle, 2009)). In
contrast with these approaches, our work aims at supporting
an efficient processing of continuous queries in environments
with highly-dynamic data. We aim at providing the high-
est expressivity possible at reasonable computational costs,
crucial for mobile environments but also profitable in other
scenarios which share the challenges of managing data that
change very frequently.
• A third possibility is called query rewriting, where most

of the work has focused on answering conjunctive queries
over databases (Poggi et al., 2008; Calı̀, Gottlob, & Pieris,
2012; Gottlob, Orsi, & Pieris, 2011). However, these works
do not consider the volatility of the data. Actually, they are
complementary to our work: works on query rewriting could
use our approach to deal with volatile properties, as they need
to compute instance retrievals as a base service to build up
their answers.

9.3. Semantic Sensor Web

A complementary effort in the field that should also be
mentioned is the so-called Semantic Sensor Web (Corcho
& Garcia-Castro, 2010), which aims at integrating seam-
lessly all the sensors that are becoming available with the
current Semantic Web, more oriented to the field of Linked
Data (Bizer, Heath, & Berners-Lee, 2009; Sequeda & Óscar
Corcho, 2009). The use of data produced by sensors in
real-time will lead to a new generation of web applications.
To do so, several researchers propose to use and adapt the
techniques developed for the Semantic Web: modeling the
sensors13 and the data they provide (Koubarakis & Kyzi-
rakos, 2010), integrating them through the use of ontolo-
gies (Calbimonte, Óscar Corcho, & Gray, 2010; Calbimonte,
Jeung, Óscar Corcho, & Aberer, 2012), facilitating their
discovery and usage via semantic techniques (Gray et al.,

2011), etc. These initiatives are complementary to ours,
as QueryGen can benefit from their results to obtain more
data sources to work with. In this field, CQELS (Le-Phuoc,
Dao-Tran, Parreira, & Hauswirth, 2011) has recently been
proposed to efficiently process continuous SPARQL queries
over Linked Data and Linked Streams, that is, integrating
static and volatile sources. However, it focuses on optimiz-
ing low-level aspects of the query processing (in particular,
on how to process efficiently SPARQL queries over streams
of triples, leaving aside the reasoning capabilities of the sys-
tem), while our proposal is oriented to support highly expres-
sive continuous queries and takes the semantics into account
along all the process. Again, CQELS can benefit from our
semantic processing to enhance their expressivity.

9.4. Close World Assumption in Ontologies

The already cited works that use databases for ontology
reasoning must somehow face the difference between OWA
and CWA. In OWL 2 QL, it is possible to obtain rewritings
where these different semantics do not pose a problem (Poggi
et al., 2008), but in general this is not the case.

There are also some previous efforts in adding some
mechanism to close the world in ontologies. It is actually
natural to consider ontology languages combining both OWA
and CWA, which is referred as Local Closed World Assump-
tion (LCWA), and hence there are several approaches in the
literature, summarized in the rest of the section.

Usually, DLs are extended with non-monotonic rules. An
important line of work in this direction are hybrid MKNF
knowledge bases (Donini, Nardi, & Rosati, 2002). The logic
of Minimal Knowledge and Negation as Failure (MKNF)
is an extension of first-order logic with two epistemic op-
erators K and A. Hybrid MKNF knowledge bases are es-
sentially restricted MKNF formulae; they can be seen as a
DL knowledge base and a finite set of modal rules (Knorr,
Alferes, & Hitzler, 2011). Similarly, DLs have been com-
bined with other types of rules. The combination with the so-
called Description Logic Rules produces Description Logic
Programs (Eiter, Ianni, Lukasiewicz, Schindlauer, & Tom-
pitsa, 2008).

Another approach is to use circumscription in DLs, which
makes it possible to model defeasible inheritance (Bonatti,
Lutz, & Wolter, 2009; Sengupta, Krisnadhi, & Hitzler,
2011), or a relaxed form of CWA called Generalized Closed
World Assumption (GCWA) in DLs (Gries, 2009). A sim-
pler approach is to extend the DL with an NBox indicating to
which assertions CWA should be applied and consider nega-
tion as failure (Ren, Pan, & Yuting, 2010).

However, all these approaches aim at performing a com-
plete DL reasoning, while we only use the CWA to take ad-
vantage of the data management capabilities of databases in
the query answering.

13 http://www.w3.org/2005/Incubator/ssn/wiki/
Semantic Sensor Network Ontology
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9.5. Ontology Change
Ontology change can be defined in a very general way as

the problem of modifying an ontology in response to some
needs and managing the effects of the change. This general
view can result in more concrete situations, such as ontol-
ogy evolution (modifying an ontology) (Haase & Stojanovic,
2005), ontology versioning (managing different versions of
an ontology) (Noy & Musen, 2004), or ontology debug-
ging (modifying an ontology because of logical contradic-
tions) (Stuckenschmidt, 2008). Temporal Description Logics
provide the logical formalism for managing temporal knowl-
edge in DLs (Artale & Franconi, 2000). For a good survey
on the field of ontology change we refer the reader to (Flouris
et al., 2008), whereas recent work in the area can be found
in (Hartung, Terwilliger, & Rahm, 2011).

These approaches are different to ours. While these ap-
proaches are also focused on dynamic knowledge in on-
tologies, they are more concerned with managing evolving
schemas. On the contrary, we consider evolving dynamic
environments where ontology schemas are constant and only
the values of properties are always changing. Our aim is to
answer highly expressive queries, not to maintain the knowl-
edge base continuously classified. This enables QueryGen to
be more robust against spurious values (which could lead to
inconsistencies) and to give a correct answer in a faster way.

10. Conclusions
In this paper, we have presented a system that is able to

process continuous DL queries efficiently and correctly in
the presence of highly-dynamic data. To do so, our approach
proposes to distinguish between static and volatile knowl-
edge to benefit from DL reasoning capabilities, and, at the
same time, supports data that continuously change their val-
ues by exploiting the capabilities of databases. The main
advantages of our approach are:
• It exploits both static and volatile knowledge to obtain

a correct answer.
• It supports an expressive knowledge representation. For

static properties, it does not restrict the expressivity of the
ontologies used to represent the knowledge, and for volatile
properties it supports an important fragment of OWL 2. In
particular, we support datatypes, which is a crucial aspect in
mobile and dynamic scenarios.
• It uses the extensional knowledge (the TBox) to pro-

cess the queries efficiently, reusing and sharing intermediate
results (i.e., tables in the Data Storage) as much as possible.
• It provides a translation of DL expressions into rela-

tional algebra, which allows QueryGen to handle dynamic
data efficiently by using an underlying DBMS.
• It performs very well. The tests carried out show that

our approach can be used in highly-dynamic scenarios, since
it scales up well with the number of objects and supports
a change rate suitable for applications that need up-to-date
data.

As future work, we would like to adapt our approach
to distributed location-dependent query processing systems,
such as LOQOMOTION (Ilarri et al., 2006, 2011). We would

also like to study the theoretical complexity of our approach
and whether some of the limitations can be removed while
maintaining a good performance. In particular, we have en-
visioned some strategies to support role hierarchies and role
transitivity. It would be interesting as well to extend Query-
Gen to support alternative reasoning tasks, such as conjunc-
tive query answering. Finally, even if none of the related
approaches is similar enough to ours to produce a fair ex-
perimental comparison, and even if the existing approaches
have different goals and limitations compared to our work,
we would like to identify common intersections of the ap-
proaches to perform a joint comparison of the systems.
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Appendix: The Ontology
Language OWL 2

The language OWL 2 is the current W3C recommenda-
tion for ontology specification. OWL 2 is based on the DL
SROIQ(D). In this appendix we will only describe the syn-
tax of the language, but more details about the underlying
logic, including the semantics, can be found in (Horrocks,
Kutz, & Sattler, 2006).

OWL 2 provides several syntaxes. Among them, we will
use Manchester syntax (Horridge & Patel-Schneider, 2009),
specifically designed to be easily understood by humans.

OWL 2 ontologies have 5 elements: individuals, concepts
(or classes), datatypes (or concrete domains), object prop-
erties, and data properties. Essentially, concepts are sets of
individuals, datatypes are sets of values defined over a con-
crete domain (such as integers or dates), object properties are
binary relations between individuals, and datatype properties
relate individuals and datatypes.

In ontologies, complex concepts can be inductively built
from simpler ones. Table 4 shows the supported concepts in
OWL 2, where C is a concept, R is an object property, n is a
natural number, i is an individual, T is a datatype property, v
is a datatype value, and D is a datatype.

The knowledge of an ontology is structured in two parts:
an ABox (Assertional Box), with the extensive knowledge,
and a TBox (Terminological Box), with the intensive knowl-
edge14. Table 5 summarizes the main axioms in OWL 2. The
top part of the table (with 7 axioms) is the ABox, and the
rest is the TBox. Some of the axioms are just syntactic sugar
and can be represented using class definitions such as dis-
joint classes, disjoint union of classes, and domain and range
axioms.

In order to guarantee the decidability of the logic, there
are some restrictions in the role hierarchies axioms and some
roles are required to be simple. The interested reader may
find the formal specification at (Horrocks et al., 2006).

Some typical reasoning tasks over ontologies include:

14 Sometimes the TBox is split into two parts: the TBox itself,
with knowledge about concepts, and an RBox (Role Box), with
knowledge about the properties.
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Table 4
OWL 2 concepts.

A Atomic/primitive concept
C1 or C2 Disjunction

C1 and C2 Conjunction
not C Negation
Thing Universal concept

Nothing Empty concept
{i1, . . . , in} Enumeration/nominals
R only C Universal restriction
R some C Existential restriction
R value i Value restriction

R self Local reflexivity concept
R exactly n Exact cardinality restriction

R exactly n C Qualified exact cardinality restriction
R max n Maximal cardinality restriction

R max n C Qualified maximal cardinality restriction
R min n Minimal cardinality restriction

R min n C Qualified minimal cardinality restriction
T only D Universal restriction
T some D Existential restriction
T value v Value restriction

T exactly n Exact cardinality restriction
T exactly n D Qualified exact cardinality restriction

T max n Maximal cardinality restriction
T max n D Qualified maximal cardinality restriction

T min n Minimal cardinality restriction
T min n D Qualified minimal cardinality restriction

• Consistency checking: Checks if there exists a logical
model satisfying all the axioms in the ontology.
• Instance retrieval: Gets all the instances of a concept.
• Concept satisfiability: Checks if a concept can have in-

stances i.e., if it does not necessarily denotes the empty set.
• Subsumption: Checks if a concept/property C can be

considered more general than (i.e., it subsumes) a concept D.

• Classification: Computes a concept/property hierarchy
based on the relations of concept/property subsumption.
Some of these reasoning tasks can be reduced to others. The
interested reader is referred to (Baader et al., 2003).
Table 5
OWL 2 axioms.

i Types C Class assertion
i1 Facts R i2 Property assertion

i1 Facts not R i2 Negated property assertion
i Facts T v Property assertion

i Facts not T v Negated property assertion
SameIndividual i1 i2 Equality assertion

DifferentIndividuals i1 i2 Inequality assertion

C1 SubClass Of C2 Subclass axiom
C1 EquivalentTo C2 Class definition
C1 DisjointWith C2 Disjoint classes

C1 DisjointUnionOf C2 . . .Cn Disjoint union of classes
R1 SubClass Of R2 Subproperty axiom

R0 SubPropertyChain R1 . . .Rn Subproperty chain axiom
R1 EquivalentTo R2 Property definition
T1 SubClass Of T2 Subproperty axiom
T1 EquivalentTo T2 Property definition
R1 DisjointWith R2 Disjoint properties
T1 DisjointWith T2 Disjoint properties

R Domain C Domain of a property
T Domain D Domain of a property
R Range C Range of a property
T Range D Range of a property

R1 InverseOf R2 Inverse roles
R Functional Functional property
T Functional Functional property

R InverseFunctional Inverse functional property
R Transitive Transitive property
R Reflexive Reflexive property
R Irreflexive Irreflexive property
R Symmetric Symmetric property

R Asymmetric Asymmetric property


