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Abstract

Anno 2011 mobile devices have become increasingly powerful and personal, with various appli-
cations available such as a web browser, organization tools, and others. Since the hardware of
such devices has improved remarkably, together with the rise of identification techniques, such
as RFID, a novel aspect in mobile application development has become possible: the integration
of the user’s environment (i.e., the objects in his vicinity) with his own personal information.
Using the Web as deployment medium, these mobile applications can use services and informa-
tion of nearby objects.

The SCOUT framework supports building applications that are aware of the user and its
environment. It provides applications with relevant information and services about the user’s
environment in a personalized way. For this purpose, SCOUT manages an Environment Layer,
which integrates all user and environmental data. Moreover, besides a querying function, it
is also able to notify the applications about relevant changes for the user in the environment.
SCOUT is a decentralized and distributed solution, which consciously lacks a single centralized
server to store user and environmental data; instead, the Environment Model is maintained
locally. This is not only more scalable and flexible, but also enables content providers to freely
share and manage their data, without being bound to a single server. Semantic Web technolo-
gies and vocabularies are used to describe the associated information of physical entities. This
allows fluent integrating and querying of data.

Currently the Environment Layer only exploits information from downloadable RDF sources
(i.e. RDF files). In this approach, for a given query, all query-relevant sources are downloaded,
integrated and queried locally. Another approach is outsourcing the query to the source itself,
in case it supports a SPARQL endpoint for querying its data. This approach is even necessary
to access very large datasets (e.g. LinkedGeoData, DBPedia), as the data is too large to be
downloaded and integrated locally. As many queries will reference data from multiple inde-
pendent endpoints, we require an approach where the query is distributed across the different
query-relevant endpoints. Such query distribution is a challenge in a mobile environment, since
a query distribution plan must be constructed, that consumes minimal device resources (in-
cluding memory, processing power, network traffic, etc.). Also, since the different endpoints are
independent of eachother, the partial results that are yielded by distributing the query, need to
be joined locally. The goal of this thesis is performing efficient query distribution across query
endpoints.

Initially, a basic query distribution plan is set up to perform query distribution in a naive way.
Subsequently, we propose two optimization techniques for the query distribution plan, namely
1) outsourcing joins to external query endpoints, to increase performance, and 2) maintaining
an index, to rule out parts of the query distribution plan that will not yield results. Therefore
we index graph patterns occurring in the data sources. Each SPARQL subquery is transformed
to its corresponding graph pattern, and then matched to the index, to determine whether or
not the subquery would yield results on this source.



Abstract

Anno 2011 worden mobiele apparaten steeds krachtiger en persoonlijker door verschillende
beschikbare applicaties, zoals: een web browser, organization tools, etc. Door de opmerke-
lijke verbetering van de hardware van deze apparaten, alsook door de opkomst van identificatie
technieken zoals RFID, wordt een nieuw aspect binnen mobile application development mo-
gelijk, namelijk de integratie van de omgeving van de gebruiker (m.a.w. de objecten in zijn
nabijheid) met zijn eigen persoonlijke informatie. Aan de hand van het Web als inzetmedium,
kunnen deze mobiele applicaties, diensten en informatie van nabij gelegen objecten gebruiken.

Het SCOUT framework ondersteunt het ontwikkelen van applicaties die gewaar zijn van hun
gebruiker en zijn omgeving. Dit framework verschaft op een gepersonaliseerde wijze relevante
informatie en diensten over de gebruikersomgeving. Hiervoor beschikt SCOUT over een Envi-
ronmental Layer, die alle data over de gebruiker en de omgeving integreert. Naast de querying
functie, kan het framework de applicaties ook verwittigen over relevante veranderingen in de
omgeving van de gebruiker. SCOUT is een gedecentraliseerde en verdeelde oplossing die be-
wust geen gecentraliseerde server heeft om data over de gebruiker en zijn omgeving op te slaan;
in plaats daarvan wordt het Environment Model lokaal in stand gehouden. Dit is niet alleen
schaalbaar en flexibel, maar het stelt content providers ook in staat om hun data vrij te delen
en te beheren zonder dat ze gebonden zijn aan één server. De technologieën en woordenschatten
van het Semantisch Web worden gebruikt om geassocieerde informatie van fysieke entiteiten te
beschrijven. Hierdoor kunnen data vlot worden gëıntegreerd en bevraagd.

Momenteel exploiteert de Environment Layer enkel informatie over downloadbare RDF bron-
nen (m.a.w. RDF files). In deze benadering worden, voor een gegeven query, alle query-relevante
bronnen gedownload, gëıntegreerd en lokaal bevraagd. Een andere benadering besteedt de query
uit aan de bron zelf, indien de bron een SPARQL endpoint aanbiedt voor het bevragen van zijn
data. Deze laatste benadering is zelfs noodzakelijk om toegang te krijgen tot grote datasets
(bv. LinkedGeoData, DBPedia), aangezien de data te groot is om lokaal te worden gedownload
en gëıntegreerd. Doordat vele queries data zullen aanbevelen van verschillende onafhankelijke
eindpunten, wordt een benadering vereist waarbij de query verdeeld is over verschillende query-
relevante endpoints. Dergelijke query distributie is een uitdaging in een mobiele omgeving,
vermits een query distributie plan moet opgesteld worden die de bronnen van het apparaat
minimaal verbruikt (inclusief geheugen, processing power, netwerk verkeer, etc.). Bovendien
moeten de partiële resultaten, die zijn opgeleverd door de query te verdelen, lokaal worden
samengevoegd omdat de verschillende endpoints onafhankelijk zijn van elkaar. Het doel van
deze thesis is om op efficiënte wijze queries te distribueren over query endpoints.

Eerst wordt een basic query distribution plan opgesteld om de query distributie op een naieve
wijze uit te voeren. Vervolgens stellen we twee optimalisatie technieken voor het query distribu-
tieplan voor, namelijk 1) joins uitbesteden aan de externe query endpoints om de prestatie te
verhogen, en 2) een index bijhouden om die delen van het query distributie plan uit te sluiten,
die geen resultaten zullen opbrengen. Daarvoor indexeren we graf patronen die in de data
bronnen voorkomen. Elke SPARQL subquery wordt omgevormd naar een corresponderend graf
patroon en wordt dan opgezocht in de index om te bepalen of de subquery al dan niet een
resultaat voor deze bron zal opbrengen.
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1 Introduction

1.1 Research Context

Anno 2011 mobile devices have become increasingly powerful and personal, with various appli-
cations available, such as web browsers, organization tools, and others. However, these devices
still have a lot of limitations, compared to larger devices, such as notebooks and desktop com-
puters. Interacting with a mobile device is still cumbersome, due to the size of the screen and
the available input options. This makes it difficult to quickly retrieve the required information
out of it, and view it in a structured and clear way. Another aspect is the time needed by the
user to access this information. Since the user is in a mobile setting, the amount of time he can
spend on retrieving information is mostly limited, as he is often busy doing something else (e.g.
walking around, or sitting at a bar).

Finally, mobile users often need information, related to their current environment; for in-
stance, the location of a shop where I can buy product X. Additionally, they want that infor-
mation to be personalized, taking into account their profile details; for instance, the addresses
of shops that sell ingredients for my favourite dish. In short, applications need to be versatile,
automatically integrating the user’s personal information with their current and past environ-
ment, so context-relevant information can be automatically provided to the user. This way,
the interaction limitations of mobile devices and mobile access can also be migrated. Despite
the limitations of mobile devices, they are currently able to achieve these tasks hardware-wise.
Various detection techniques are available, such as GPS (determining the user’s location) and
RFID (retrieving information from tagged physical entities in the user’s vicinity), allowing us
to map the user’s environment. By combining knowledge obtained from the environment via
these hardware options, and basic knowledge on the user himself, it is possible to build a system
that offers fully personalized information.

The SCOUT framework supports building applications that are aware of the user and his
environment, by exploiting the aforementioned mobile device hardware. To realize this, SCOUT
manages an Environment Layer, that integrates all user and environmental data. This layer
supports a querying function that allows access to this data, and a notification service to notify
applications about relevant changes in the user’s environment; for instance, a notification when
the user passes by a restaurant that has the same cuisine as previously visited ones.

SCOUT is unlike many other context-aware middleware approaches (see related work), as it
is a decentralized and distributed solution, that consciously lacks a single centralized server to
store, manage and integrate user and environmental data. In contrast, the data in the Environ-
ment Layer is kept locally, relying on the increased capabilities of mobile devices to maintain
performance. This is not only more scalable and flexible, but also enables content providers
to freely share and manage their data, without being bound to a single server. Semantic Web
technologies and vocabularies are used to descibe the associated information of environment
entities, allowing for fluent integration and querying of data.
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1.2 Problem Statement

Currently the Environment Layer only exploits information from downloadable RDF sources
(i.e. RDF files). In this approach, for a given query, all query-relevant sources are downloaded,
integrated and queried locally. Another approach is outsourcing the query to the source itself,
in case it supports a SPARQL endpoint for querying its data. This approach is even necessary
to access very large datasets (e.g. LinkedGeoData, DBPedia), as the data is too large to be
downloaded and integrated locally. As many queries will reference data from multiple inde-
pendent endpoints, we require an approach where the query is distributed across the different
query-relevant endpoints.

Such query distribution is a challenge in a mobile environment, since a query distribution
plan must be constructed, that consumes minimal device resources (including memory, pro-
cessing power, network traffic, etc.). Also, since the different endpoints are independent of
eachother, the partial results that are yielded by distributing the query, need to be joined
locally. The goal of this thesis is performing efficient query distribution across query endpoints.

1.3 Approach

Initially, a basic query distribution plan is set up to perform query distribution in a naive way.
Subsequently, we propose two optimization techniques for the query distribution plan, namely
1) outsourcing joins to external query endpoints, to increase performance, and 2) maintaining
an index, to rule out parts of the query distribution plan that will not yield results.

In more detail, the basic query distribution plan is first constructed in a naive way, where
each part of the query is sent to all sources and all results are integrated locally. The first
optimization consists sending combined parts (or subqueries) of the query to the endpoints.
This ensures that already joined results are returned, which decreases the join time. In the
second optimization, an index of graph patterns occurring in the data sources, is maintained.
Each SPARQL subquery is transformed to its corresponding graph pattern, and then matched
to the index, to determine whether or not the subquery would yield results on this source.

As these optimizations are developed independently of eachother, different configurations
can be used: no optimizations, both optimizations or only one of the optimizations.

1.4 Structure

The remainder of this thesis is presented in the following way:
The second chapter introduces the underlying concepts of this thesis, such as the Semantic Web,
SCOUT, RDF, SPARQL, etc.
Chapter three discusses and compares related work.
The fourth chapter locates the query distribution part in the SCOUT framework architecture.
Chapter five elaborates on our approach to perform efficient query distribution.
Chapter six shows how the approach has been implemented in the SCOUT framework.
Chapter seven evaluates our approach via experiments.
The eighth and final chapter draws conclusions and presents some future work.

2



2 Background

This chapter discusses various topics which are the building blocks of this thesis. The topics
vary from concepts (semantic web, query distribution) over languages (SPARQL) to frameworks
(SCOUT).

2.1 The Semantic Web

2.1.1 The Semantic Web

The early public stage of the World Wide Web (approximately 1993) was merely a system that
linked static hypertext documents using hyperlinks. The publisher of a website was the only
provider of the content. Since 2004, the term “Web 2.0” is used to indicate another approach
of the web: the user (consumer) also becomes the producer of the content. The next version
of the web, Web 3.0, also adds semantics and personalization, introducing machine processable
metadata about other pages and their relations.

The semantic web extends the current web by adding semantics or meaning to the data.
However, the structure of the current web will not disappear because of the semantic web. The
latter merely adds concepts and relations to the existing data by using ontologies, by linking the
data in a way that machines can reason about it and can use it without any human interaction.
For instance, this allows machines to deduce new facts, based on the existing data.

2.1.2 The Semantic Web Stack

Figure 2.1: The Semantic Web Stack

3



The semantic web stack [13] describes the layered structure of the semantic web. It consists
of the following layers:

• Unicode: representation and manipulation of text in different (human) languages

• URI/IRI : unique identification of semantic resources

• XML: markup language that supports interchange of documents over the web

• Namespaces: unique qualification of markup from different sources

• XML Query : querying collections of XML data

• XML Schema: definition and validation of structure of specific XML languages

• RDF Model & Syntax : framework to make statements about resources and define tax-
onomies using RDF Schema

• Ontology : language to define vocabularies that are more advanced than RDFS

• Rules / Query : description of rules (RIF) and querying RDF data (SPARQL)

• Logic: logical reasoning (deduce new facts and validation)

• Proof : explanation of logical reasoning steps

• Trust : authentication of resources and trustworthiness of derived facts

• Signature: validation of resources using digitally signed RDF data

• Encryption: protection of data using encryption

2.2 RDF

The Resource Description Framework1 (RDF) is a language for representing information about
resources in the World Wide Web. A resource is a physical or virtual entity, such as a person
or an IP packet. RDF describes those resources in a subject-predicate-object structure.

2.2.1 Concept

RDF represents information by means of statements in a Subject-Predicate-Object structure:

• Subject: a resource that is described by the statement

• Predicate: a property of the resource that is described

• Object: the value of the property of the resource that is described

Take for example the statement “Raf’s familyname is Walravens”. The parts are:

• Subject: Raf

• Predicate: familyname

• Object: Walravens

1http://www.w3.org/TR/rdf-primer/

4
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Since RDF is meant to be machine-processable, every resource has to be unique to avoid con-
fusion. The Web offers URI references to deal with this problem. Subjects and predicates are
resources, and thus are to be represented by a URI reference. Objects can be resources, though
they also can be a literal, which is a non-decomposable object, like a string or a number.

2.2.2 Representations

RDF has in fact an inherent graph based structure, which can be serialized using N3, RDF/XML
and others. The next paragraphs introduce representations for a group of statements. For
some representations, an example is given for “Raf is called Raf W and is 23 years old. He
is befriended with Leen, whose name is Leen V.”. The FOAF2 ontology is used to describe
these statements. Note that since URIs can be long, they can be shortened in a more clear
notation, using prefixes. Therefore a URI reference is split up in a namespace and local name.
This namespace is represented by a prefix. The notation is shortened as prefix:local_name.
For instance, http://xmlns.com/foaf/0.1/name is equivalent to foaf:name, using foaf as a
prefix for http://xmlns.com/foaf/0.1/.

2.2.2.1 Graph model notation

RDF statements lend themselves easily to be represented as a graph. Subjects and objects
are the equivalent of the nodes and predicates are labeled edges. Conceptually this means
that a subject is connected to an object by means of a predicate. The following graph is te
representation of the earlier given example. Note that every resource, used as a subject or
object, is unique; per resource only one node exists.

http://thesisexample/Raf

http://thesisexample/Leen

foaf:Person

Raf W

Leen V

23

foaf:knows

rdf:type

rdf:type

foaf:name

foaf:name

foaf:age

2.2.2.2 N3

Using the N3 notation all statements can be written in the form subject predicate object .

or subject predicate object ; predicate object . if the subject for both statements is
the same. Additionally some extra declarations can be made, such as defining a prefix. Every
resource URI reference has to be written between angle brackets, unless the shortened notation
with a prefix is used. Literals are written between double quotes. Listing 2.1 shows the example
in a possible N3 notation.

2http://xmlns.com/foaf/spec/
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@prefix rdf: <http :// www.w3.org /1999/02/22 -rdf -syntax -ns#> .

@prefix foaf: <http :// xmlns.com/foaf /0.1/> .

<http :// thesisexample/Raf > rdf:type foaf:Person ;

foaf:name "Raf W" ;

foaf:age 23 ;

foaf:knows <http :// thesisexample/Leen > .

<http :// thesisexample/Leen > rdf:type foaf:Person ;

foaf:name "Leen V" .

Listing 2.1: RDF Example in N3 notation

2.2.2.3 RDF/XML

RDF uses XML as a structure to guarantee the machine-processability and interchangeability.
XML is a markup language that allows creating a custom document format. Hence, RDF/XML
is a representation for statements.

2.3 RDFS

RDF is used to structure and represent statements about resources. It does not specify what
the meaning of those statements is. In other words, the statements lack semantics. RDFS3

(RDF Schema) deals with that problem and offers the possibility to create vocabularies, also
written in RDF. Therefore RDFS uses the notion of classes and properties. The vocabularies
describe the semantics of these classes and properties. By using them in RDF, reuse of semantics
is possible. RDFS has many other features, including domain and range definition for a property.

Listing 2.2 is an example of a simple vocabulary of an animal. Pet has two subclasses Mammal
and Bird. Dog is a subclass of Mammal. Due to the subclassing, all mammels (including dogs)
and birds also have the property name, which is defined for Pet and is a literal.

<rdf:RDF xmlns:rdf="http :// www.w3.org /1999/02/22 -rdf -syntax -ns#"

xmlns:rdfs="http ://www.w3.org /2000/01/rdf -schema#">

<rdfs:Class rdf:ID="Pet" />

<rdfs:Class rdf:ID=" Mammal">

<rdfs:subClassOf rdf:resource ="# Pet" />

</rdfs:Class >

<rdfs:Class rdf:ID="Bird">

<rdfs:subClassOf rdf:resource ="# Pet" />

</rdfs:Class >

<rdfs:Class rdf:ID="Dog">

<rdfs:subClassOf rdf:resource ="# Mammal" />

</rdfs:Class >

<rdf:Property rdf:ID="name">

<rdfs:domain rdf:resource ="# Pet" />

<rdfs:range rdf:resource ="rdfs;Literal" />

</rdf:Property >

</rdf:RDF >

Listing 2.2: RDF Schema Example

3http://www.w3.org/TR/rdf-schema/
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2.4 OWL

OWL4 (Web Ontology Language) is, like RDFS, a language to define vocabularies. It facilitates
greater machine interpretability by providing more vocabulary, thus is more expressive than
RDFS. OWL adds, among others, cardinality, relations between classes and more properties.

OWL comes in three flavours, which are ordered by increasing expressiveness:

• OWL Lite only defines a classification hierarchy and simple cardinality constraints.

• OWL DL supports maximum expressiveness and guarantees computational completeness
(computable). Every computation also is decidable (finishes in a finite time).

• OWL Full handles every aspect of OWL DL without any computational guarantees.

While it is possible to define your own vocabularies, reusing existing ones facilitates understand-
ability of your data. A commmonly used vocabulary to describe persons is Friend-Of-A-Friend
(FOAF), as used in all examples of the RDF section.

2.5 SPARQL and SPARQL Endpoints

SPARQL5 (SPARQL Protocol and RDF Query Language) is a query language for RDF. It also
anchors the protocol which clients use to access a SPARQL endpoint.

2.5.1 Syntax

In this section, the basic syntax of the SELECT feature is highlighted. However, many other
query forms are supported by SPARQL (CONSTRUCT, ASK and DESCRIBE), but they are not de-
scribed in detail, as they are not used in this thesis. SPARQL does not support commands that
alter data, such as UPDATE, etc.

Listing 2.3 wants to retrieve the names of all persons in the dataset. The SELECT keyword
asks the endpoint to bind every matching RDF resource or literal to the defined variables.
The WHERE clausule restricts the possible bindings by making a subset of the dataset, based
on the statements that are specified. Variables are represented by the prefix ?. Literals are
placed between double quotes. The PREFIX command implements the concept of shortened
notation of resources. Listing 2.4 wants to retrieve the names of all persons in the dataset that
know another person. The name of that person is also returned. Note that both persons can be
the same resource, i.e. if the person knows himself, that result will also show up in the resultset.

PREFIX foaf: <http :// xmlns.com/foaf /0.1/>

PREFIX rdf: <http :// www.w3.org /1999/02/22 -rdf -syntax -ns#>

SELECT ?name

WHERE {

?person rdf:type foaf:Person .

?person foaf:name ?name .

}

Listing 2.3: SPARQL SELECT query

4http://www.w3.org/TR/owl-features/
5http://www.w3.org/TR/rdf-sparql-query/
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Name

“Raf W”
“Leen V”

Table 2.1: Result of SPARQL query of listing 2.3 on dataset of listing 2.1

PREFIX foaf: <http :// xmlns.com/foaf /0.1/>

PREFIX rdf: <http :// www.w3.org /1999/02/22 -rdf -syntax -ns#>

SELECT ?name1 ?name2

WHERE {

?person1 rdf:type foaf:Person .

?person1 foaf:name ?name1 .

?person1 foaf:knows ?person2 .

?person2 rdf:type foaf:Person .

?person2 foaf:name ?name2 .

}

Listing 2.4: SPARQL SELECT query

Name1 Name2

“Raf W” “Leen V”

Table 2.2: Result of SPARQL query of listing 2.4 on dataset of listing 2.1

2.5.2 Working of SPARQL

The results of a SPARQL query depend on the conditions specified in the WHERE-clause, since
they filter the queried RDF dataset. As stated before, RDF statements have an inherent graph
based structure. This also applies for a WHERE-clause, as that is a collection of statements.
Each graph contains one or more patterns. There are various types of such graph patterns,
proportional to the complexity of the WHERE-clause. In this thesis only the basic graph
patterns are considered. In order to filter a dataset, SPARQL uses the notion of graph patterns
to apply graph pattern matching between the dataset’s graph and the graph of its WHERE-
clause. This approach is completely different from SQL’s, which acts in a procedural way
for querying relational datasets, without an implicit join feature. That is, joins have to be
specified explicitly in order to combine data, whereas in SPARQL, this is already provided by
the structure of RDF.

2.5.3 SPARQL endpoints

SPARQL endpoints are web applications that offer an interface to an RDF dataset in the form
of a plain HTTP GET-request. The SPARQL protocol is hidden for the end users. There
exist many SPARQL endpoints on the Web6. Users can set up their own endpoint using some
software like OpenLink Virtuoso7 or OpenRDF Sesame8. In this thesis, Sesame is used to set
up multiple sources with distributed data.

6An overview of some SPARQL endpoints can be found at http://www.w3.org/wiki/SparqlEndpoints
7http://virtuoso.openlinksw.com/dataspace/dav/wiki/Main/
8http://www.openrdf.org/
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2.6 SCOUT

2.6.1 Introduction

SCOUT (Semantic Context-aware Ubiquitous scouT) is a framework for developing mobile ap-
plications that are aware of the user’s context. It supports applications that offer relevant
information and services depending on the mobile user’s environment and particular needs at a
given time and place. [17]

Unlike most existing approaches, SCOUT is does not depend on a single centralized server,
and is thus decentralized. Each identifiable entity, which is a physical resource, like an RFID
tag, is responsible to provide and manage its own data and services in the form of a Web pres-
ence. Such Web presence can vary from a plain Web site or service to online sources providing
structured information, such as RDF files. As the current web is, like SCOUT, decentralized
and distributed, it is the ideal platform for deploying these Web presences. Moreover, the ex-
isting descriptive information can be reused as Web presences. By employing Semantic Web
standards and vocabularies to describe Web presences in a uniform and expressive way, the
SCOUT framework allows seamless integration and querying of data from (several) different
entities, thereby providing mobile applications with a richer and more complete view on the
global environment. [17]

2.6.2 Building blocks of SCOUT

The SCOUT framework uses a layered architecture, which clearly separates the different de-
sign concerns and thus assures independence between layers and from underlying technologies.
Figure 2.2 shows an overview of the architecture. [17]

2.6.2.1 Detection layer

The detection layer provides detection mechanisms to identify physical entities in the user’s
surroundings and retrieve the reference to their corresponding Web presence. The layer contains
various components that encapsulate detection techniques, such as RFID and Bluetooth. For
instance, a store could be tagged with an RFID tag, which contains a URL reference (Web
presence) of its products, stored in RDF format. Moreover, since all detection techniques are
independent of eachother and implement a common interface, the framework can easily switch
between them, depending on the available techniques supported by the nearby entities. [17]

2.6.2.2 Location management layer

The location management layer is responsible for determining which entities are relevant for
the user, in terms of location. It uses the data provided by the detection layer, to decide
whether or not an entity is nearby. If so, a “positional” relation will be created. This means
that the layer is also responsible for invalidating these relations when the entity becomes out
of range. The definition of “nearby” is determined by a nearness and remoteness strategy. [17]
These proximity strategies may differ depending on the available detection data and the specific
detection technique used. Applications can use some predefined strategies of SCOUT, but also
can deploy an own strategy. [14] In the previous example, the store was detected using a short-
range RFID reader. Since it was detected, the nearness could directly be inferred. However,
this doesn’t apply for the remoteness. A possible strategy could be that the absolute position
of the entity is compared to the user’s position. The positional relation can then be invalidated
if the difference exceeds the nearness distance. [17]
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Figure 2.2: SCOUT architecture overview

2.6.2.3 Environment layer

The environment layer stores and integrates data about the user and its current environment,
and provides services to obtain information from nearby Web presences in both a push-and
pull-based manner. Therefore, the layer depends on semantic Web technologies to more easily
and effectively combine information from different Web presences. [17] The layer is built using
different components, which are explained in the following paragraphs.

The relation and entity models contain the information needed for personalization. The rela-
tion model stores the positional relations provided by notifications of the location management
layer, in which the entity is or was involved, together with the Web presence of that entity. The
entity model stores metadata on the entity itself, which are often preferences and characteristics
of the user. Both models are managed by a component, which provides a view on the model,
allowing both querying and programmatic access to this information. [17]

The application can use the query service to obtain information on the user’s environment,
referencing the Web presences of entities. These queries can also contain complex semantic
conditions that reference the user’s entity or relation model. This provides a means to retrieve
personalized information. This approach is pull-based, as the client retrieves information out
of the system. [17] Referring to the store’s example, such queries could ask for ingredients in
the nearby stores for the user’s favourite recipies.
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The counterpart of the query service is the notification service. This approach is push-based,
thus allows the client to become aware of changes in the user’s environment. Applications can
register themselves with this service to obtain events when nearby entities are encountered or
are no longer available. A more personal approach is possible, as the framework allows filtering
by specifying a condition (a SPARQL query) that must be satisfied by the environment. This
condition may contain information from the user’s entity model. [17] Using the notification
service, our store application could automatically display stores which sell items that are of the
user’s interest, when they come into the user’s environment.

The environment management component provides access to the environment model. This
model combines metadata from multiple Web presences, obtained from both past and current
positional relations, and integrates it with metadata of the mobile user. It allows the client
to query any piece of the the user’s context and environment, i.e. accessing the distributed
information in one single query. [17] Another extension to the store application could be that
multiple references to Web presences are used. For instance, it would then be possible to display
stores which sell ingredients that are typical for the kitchens of restaurants the user has visited
before, or ingredients from recipies he likes in general.

2.7 Query Distribution

Information is typically not centered in one source. For example, a travel agency publishes
information about a hotel at a particular destination, but does not provide cultural information
about the region. When one wants to book, one wants to know some other information about
the destination. Thus, the information is scattered over many sources. By nature, the seman-
tic Web also is distributed. There are many types of sources, such as endpoints which could
be queried, but also simple files containing RDF data can be downloaded and locally queried.
Besides that, sources contain various types of information. For instance, DBpedia9 publishes
structured data, extracted from Wikipedia, while LinkedGeoData10 provides information in
RDF of the OpenStreetMap project.

However, the semantic Web links distributed information together. For instance, there exist
interlinks between DBpedia and GeoNames11. This concept is called “Linked Data”. Linked
Data is a method to publish data on the Web and to interlink data between different data
sources. [3] This allows semantic browsers or other applications to navigate between data
sources, by following the RDF links in the data.

Since the semantic Web links distributed information together, additional information can
easily be found. However, querying all that information requires a special approach, since it is
very unlikely that one source contains all information one wants. Therefore query distribution
is necessary, in order to retrieve information from distributed sources. A query has to be split
into multiple smaller queries, which can be resolved by all sources that contain some of the
information that is wanted. Sources then provide partial results that the client has to join
to create the resultset. Essentially, query distribution is the process of combining the data of
different sources to obtain the requested information, as if it was processed by a single source.

9http://dbpedia.org/About
10http://linkedgeodata.org/About
11http://www.geonames.org/
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3 Related Work

This chapter describes other approaches for the topics and concepts that are used in this thesis.
In the first section related work of the SCOUT framework is discussed. The second and last
section provides information on query distribution in the Semantic Web and mechanisms to
efficiently optimize querying of remote sources.

3.1 The SCOUT Framework

SCOUT offers developers the ability to integrate information about the user and his environment
into their mobile application. SCOUT does not depend on a single centralized server to deliver
this information, as it can detect entities in the user’s surrounding, which have a corresponding
Web presence that contains the information. This information can be queried together with
contextual information about the user, which is collected during the use of the system. All this
information is stored in the Environment Model To achieve this functionality, the framework is
built as a layered system. The next subsections discuss related work on the different parts of
the SCOUT framework.

3.1.1 Linking physical entities to digital information

Various projects have used the concept of linking physical entities to their associated informa-
tion. The first one was the HP Cooltown project. [7] That project presents a web model that
supports so called nomadic users. Therefore they use web technology, wireless networks and
portable devices, much like SCOUT does. Cooltown binds web resources, called Web presence,
to physical object and places. To detect such resources, they use a wide range of technologies on
their mobile devices, like an infrared reader or a barcode reader. SCOUT works similar, and also
supports multiple sensors. The project also captures how the users interact with those resources.

Another project is Touchatag1, developed by AlcatelLucent. This initiative uses RFID
technology to link objects to online actions, called applications. Examples of such actions are
browsing to a Web page, identified by the URL in the RFID tag, or running a custom applica-
tion created through Touchatag’s API, which means that almost every kind of action is possible.

Finally, [5] presents an open lookup framework in which RFID tagged objects are linked
to resource descriptions, enabling users to retrieve information on those objects. The main
idea is linking specific locations, expressed in latitude-longitude coordinates, to pieces of digital
information. The coordinates are provided by a mobile device. Later on, this information can
be accessed again on those locations, making it seem that the information is attached to that
location.

The SCOUT framework’s detection layer is much more capable than Touchatag’s or the open
lookup framework’s detection mechanism. It already supports multiple detection techniques,
and also is extensible, by providing a common interface which can be implemented for other or
future detection techniques. Moreover unlike SCOUT, these approaches do not support complex
queries on the integrated digital information, to retrieve environmental data.

1http://www.touchatag.com
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3.1.2 Storage of context-specific information

An important feature of SCOUT is its decentralized nature, which is expressed in two ways:
decentralized storage of data and query resolving. Many other existing approaches that aim for
location-specific retrieval of infomation use a centralized Information System (IS), which stores
and maintains all location-specific information. [17]

In [9] Deusto Sentient Graffiti is presented. It allows users to annotate objects and spatial
regions with multimedia data or web services which are only made available to other users when
those match the context attributes (location range, period of time, and so forth) previously as-
signed to the resources. The user use their mobiles to add annotations in the form descriptions,
keywords and contextual information, which are conditions to be met by other users. The
counterpart is the server which stores the information, which can be browsed through by the
other users, or is pushed by the server. The server can autonomously classify the annotated
objects and spatial regions and their relationships. A graffiti is transferred and stored as an
XML file, using a custom format. By using a centralized system, all information is stored in one
place, and in a difficult structure for semantic purposes, the data becomes hard to integrate, as
SCOUT also stores information extracted from the user’s physical environment.

Roduner and Langheinrich present an open lookup infrastructure in [12]. Resources, which
can be simple Web sites or complex Web services, are the core of the system and have a Re-
source Description in XML. Resources can have multiple physical tags associated with them.
The resources are managed by a Resource Repository, which makes them available for the user.
To find the right resource repository for a resource, there exist the Manufacturer Resolver Ser-
vice and Search Service. The difference is that the latter is a generic server, while the first is
manufacturar bound. When the user reads a tag, a request is sent to the query service, which
retrieves the requested information from the repositories, after querying them.

This system provides only simple lookup services to retrieve information about tagged ob-
jects. They aren’t capable of intgerating the user’s context, nor retrieving information about
related object, based on a certain common variable. This is the main feature of SCOUT. By
integrating the user’s environment and personal information, such as demographic information
and previous lookups, it becomes aware of the context.

The above explained systems both use a centralized system for storing all location-specific
information, which induces that all information flows through that system. This implies that
failure of the server has dire consequences, i.e. those systems have a single point-of-failure. The
server is also the weakest in the chain, since all clients have to access it. SCOUT avoids all
these problems, as it uses no dedicated server.

Finally, using a central server, all the data is only available through that server. Other
third-party applications or services have no access to that information. However, SCOUT
reuses existing online sources, which are then integrated into the system. Manufacturers may
freely provide information through any simple server, and stay in full control over their data.

3.1.3 Integrating environment data

While the previous subsection was about storing about location-specific data, this subsection
elaborates about integration of data of the environment.
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In [18] middleware is presented to offer an integrated view on the context-aware information
for applications. This middleware uses only local schemas of context data of sources to match
global schemas in the middleware. Applications can query these global schemas to retrieve data.
Local schemas are provided upon registering a source. A match algorithm, based on context
attributes, which are criteria (such as location, temperature . . . ), unifies the existing schemas
(global schema) with the local schema of the registered source. Clients can query the data via
an SQL based query interface. This approach offers only a pull based access to the data, which
equivalent to SCOUT’s query service, but not an push based access, like SCOUT’s notification
service. Like [9] and [12], this approach also uses a centralized server, which is, in our opinion,
adversely.

In [6] a contextual information system is presented, that provides applications with contex-
tual information using a virtual database. It provides, like [18], an SQL based query interface
(Context Synthesizer), which collects stored information by a distributed infrastructure of con-
textual information providers. For dynamic contextual information, client have the possibility
to add meta-attributes which specify requirements for the results. This allows the system to
make choices if some context sources overlap.

Both approaches state that a centralized manner is necessary to offload as much as possible
work from the mobile devices, which is a good argument. However, by doing so, they also lose
scalability and flexibility, as every query must pass through that single server. As mentioned
in the previous subsection, this has several disadvantages: it induces a single point-of-failure,
is potentially a bottleneck in the complete system and discourages free distribution of data, as
sources have to register themselves with the system. Moreover, nowadays mobile devices are
much more capable of processing data themselves, something which only will improve in the
future. Finally, since these approaches require data sources to implement a specific interface in
terms of data format, they restrict them serverely. In contrast, SCOUT has support for widely
used RDF files and SPARQL endpoints.

In contrast, Context-ADDICT, presented in [2], provides, like SCOUT, a decentralized ap-
proach. This system constructs a Domain Ontology, which captures the main concepts of the
application domain, which is a well accepted general taxonomy, together with the main rela-
tions between concepts. Another structure, the Context Dimension Tree, captures a schematic
representation of the user’s interest and context. When new sources are discovered, a Semantic
Extractor integrates the ontology into the Domain Ontology, which leads to a Merged Schema.
Using all these structures, it becomes possible to deduce relevant data for the user. However,
like [18], only schema based filtering and a limited data-based filtering of information is sup-
ported. [17] Also a pushbased eventsystem lacks. Approaches that do have an event based
system, are GeoNotes (described earlier) [5] and Sentient Graffiti [9], but these are centralized
systems.
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3.2 Query Distribution

3.2.1 Performing Query Distribution

Performing efficient query distribution is possible in various ways. This subsection presents a
number of approaches.

In [11], DARQ is presented. DARQ is a query engine for federated SPARQL queries, which
provides query access to distributed endpoints as if querying a single RDF graph. This solu-
tion is twofold. First, it uses service descriptions which describe the capabilities of SPARQL
endpoints. Further optimization happens through a query optimization algorithm that builds a
cost-effective query plan, considering limitations on access patterns.

DARQ is, like the solution presented by this thesis, a mediator component, which means
it is an extra level between the client and the SPARQL endpoints, which accepts a query and
performs all necessary tasks to retrieve all results. Those tasks include: analyzing the query,
planning the query (query decomposition ans building multiple subqueries conform the infor-
mation in de the service descriptions), optimization and query execution.

The main key are the service descriptions, which are a kind of static index for the available
sources. They provide a declarative description of the available data and allow definition of
limitations on access patterns. They also can include statistical information which is useful
for optimizing the queries. As said before, everything is described in the form of capabilities,
notated in RDF. A capability of a endpoint defines what kind of triple patterns can be answered
by the endpoint, based on the predicates. For each predicate, restrictions on subject and object
are also considered, i.e. it may happen that for a certain predicate only objects starting with the
letter A exist. A query with an object starting with a Q for that predicate won’t be executed.
Limitations on access patterns are also supported by DARQ. Limited access patterns means
that a query has to meet some requirements, e.g. an LDAP server may require that the name
of a person is always included in the query. A third kind of stored information are statistics
about the available data, which is useful for the query optimization phase. F.i., information
about the number of occuring triples for a capability may be stored.

In terms of query planning, the choices are straight forward, i.e. for each filtered basic graph
pattern, each actual triple is matched agaist the service descriptions. Afterwards, the subqueries
are built. Triples that have to be executed on the same source, are put together in one subquery.

Next the query optimizer builds a feasible and cost-effective query execution plan, consider-
ing limitations on the access patterns. Therefore, two principles are used: logical and physical
query optimization. The first determines which query exection plan is likely to be executed the
fastest or with the lowest costs. Steps include rule based query rewriting (e.g. filter constraints
moving to the actual triple if possible) and moving possible value constraints into the subqueries
to reduce the size of partial results. The physical optimization selects the best query execution
plan by using a cost model, which include network latency and bandwidth. The expected result
size (which can be inferred from the service descriptions) is the main factor for filtering. Also
the cost of the join is calculated, also based on the service descriptions. Currently two join
implementations are available: nested-loop join and bind join.

This thesis only consideres the predicates that occur in an endpoint. However, we also
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consider common subjects or objects between predicates, e.g. when two predicates have a com-
mon subject in a query, while in the endpoint they don’t, the query will not be executed on
that endpoint. Also, we start by composing (abstract) query distribution plans and afterwards
optimizing them, using the index. Our current implementation uses hash join to combine the
partial query results.

While DARQ is a static approach to perform query distribution (all work is done before ex-
ecuting the subqueries), [10] presents a dynamic framework which doesn’t rely on statistics for
optimizing queries, but uses an adaptive query processing mechanism, allowing join reordering.
It is stated that static approaches only work if the available statistics are accurate. Moreover,
such approach may not work in unpredictable environments, e.g. endpoints may de busy or
temporarily unavailable and thus process queries more slowly than anticipated.

Therefore, this framework, called ADERIS (Adaptive Distributed Endpoint RDF Integra-
tion System) compiles a query into a number of source queries which are sent to individual
SPARQL endpoints to retrieve the data required to answer the query. However, in contrast to a
static approach, this retrieved data, results, are used to construct a set of vertically partitioned
RDF tables, which act as a temporary buffer to hold data while it is integrated. For each
predicate, one table exists, and is filled with two columns, subjects and objects. Using these
tables, join reordering is allowed, which is the key to this adaptive approach. Moreover, time
can be efficiently used, as the join process already starts when the first results come in, even if
not all tables are completely filled.

As shown in figure 3.1 ADERIS is, like DARQ, also a mediator that accepts a federated
SPARQL query. The system has two distinct processes: a setup phase, which initialises the
mediator with a list of SPARQL endpoints, and a query processing phase, which accepts the
actual query and executes it.

The setup phase collects some metadata about each endpoint, in order to efficiently generate
subqueries. Since is it was stated that accurate statistical metadata is difficult to retrieve from
the endpoints, only obtainable metadata is used, i.e. metadata that is collected using a straight-
forward SPARQL query. The absolute minimum information that is required is, like DARQ
and this thesis, information about the predicates that the endpoint contains. To each endpoint
that is passed to the mediator, the selection query SELECT DISTINCT ?p WHERE { ?s ?p ?o }

is submitted, which retrieves all predicates. They justify this approach, as there are less predi-
cates than subject or objects, and predicates are often used as constraints instead of variables
in SPARQL queries. Therefore the endpoint can come up with the predicates in a reasonable
amount of time. Otherwise, an external RDF-stats tool can be used to generate statistics.

The query processing step is the heart of the framework. The first substep is to generate
source queries (subqueries). This is done by parsing the query and determining which sources
are needed, using the data required in the setup phase. Using this knowledge, subqueries are
constructed for each source, with an as low as possible executing time of each subquery. Also,
additional requirements, such as FILTER clauses are also pushed down to the subquery, if
possible. The second substep is executing those queries and constructing the predicate tables
(which are indexed on both subject and object to allow quick access), placing each triple in the
appropriate table, according to its predicate. The tables may be persisted or cached if wanted.
The final and most important substep is the adaptive join processing, which consists of joining
the tables dynamically. The latter two substeps can overlap.
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The latest substep, the adaptive join process, is the main key of this approach. Therefore
this framework uses a technique for reordering pipelined index nested loop join-based query
plans. This was introduced in [8]. This technique is used when joining the predicate tables as is
allows the joins to be reordered based on run-time selectivity statistics. Since not all tables will
be complete at the same time, the join between tables must be reodered as soon as a table be-
comes complete. The decision factor is the selectivity of each join predicate, which is monitored.

This approach benefits in the following ways. First, since nothing is known in advance
about the selectivity of the join predicates, a statically optimized plan hardly can be produced.
However, by monitoring the selectivity, this becomes superfluous. Second, the waiting time for
available predicate tables is disappeared, since it immediately is included in the join process.
Last, the joined predicate tables can potentially be discarded, which is beneficial in terms of
memory usage.

Like ADERIS, the in [1] presented OptARQ, tries to optimize the query execution process
by join reordering based on selectivity of different factors, but acts on the SPARQL query itself,
i.e. it is a static process. They introduce three approaches, of which one combines the other
two. The first approach, SEI (selectivity estiomation index), focuses on selectivity estimation
of single triple patterns based on statistics of the queries data, while QPI (query pattern index)
indexes joined triple patterns based on the ontology schema.

SEI estimates the number of triples that match a single triple of the query. For triple t,
sel(T ) is at it best when as low as possible, i.e. the number of intermediate results is low.
Triples with a low selectivity should be executed first. Estimations are made using statistical
information about the RDF data. QPI focuses on joined triple pattern selectivity estimation.
It can occur that two triple patterns have a high single selectivity, but combined have a low
selectivity. Therefore QPI uses the ontology schema.

In this thesis, we currently do not perform any join optimalization, based on statistics. Re-
sultsets are joined, using a hash join, when all have been received. However, the pipelined join
would be an improvement. Also QPI would be an improvement. However, the idea can be im-
plemented a lot more accurate. Since the concept of building an explicit index building phase is
present, we have access to all data and can simply produce exact numbers of occurences. We go
also beyond storing only predicates, i.e. we store graph patterns. As said before, this improves
more filtering, since queries with predicates that have the same subject will not be executed if
the endpoint contains these predicates without one instance with a shared subject.

3.2.2 Index Structures

This thesis presents an index structure to filter non relevant sources for subqueries. Therefore
two principles are used: pattern matching and building an index structure of the query. These
principles are an adaption and combination of ideas in the following papers.

Queries often contain paths of triples in their WHERE-clause. Take for example the query
that asks for the titles of articles by employees of organizations that have projects in the area
“RDF”. When endpoint S1 contains information about articles, titles, authors and their affli-
ations (organizations); S2 about industrial projects, topics, and organizations; S3 about the
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Figure 3.1: ADERIS: Query processing framework

information of S1 and S2 but for academic research, we see that a sophisticated indexing struc-
ture is needed to decide which part of the query should be executed on which endpoint. In
[16], a form of an index, called Source Index Hierarchy, is proposed that indexes query paths.
Paths are an interesting subject for indexing, since they contain join indices, which immediately
ensures that results are joined. The client is therefore freed of locally joining results, which in-
creases the performance.

This index is represented as a tree structure, since subpaths of a path that appears in an
endpoint, will also appear. Using a tree structure, that relation between a path and its subpaths
is formalized, knowing that a childnode (subpath) also will appear if its parent (path) appears.
The tree has one root element: the complete path of the query’s WHERE-clause, which has size
n. Its child elements are all subpaths of size n− 1. This is repeated until at the lowest level, n
subpaths of length 1 remain. Figure 3.2 shows an example of such tree for the given querypath.

For each node, which represents a subpath, the endpoints that contain that subpath are
determined. Additionally, the number of instances of that path in that endpoint are kept.
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Figure 3.2: Source Index Hierarchy for the given query path

In this thesis the concept of the Source Index Hierarchy for a query path is reused, but ex-
tended to the notion op patterns. Instead of considering only paths in a query’s WHERE-clause,
the complete pattern it represents is indexed. This index structure approach is also a complete
solution for query distribution, such as DARQ and ADERIS. The minor aspect, compared to
the latter two, is the minimal support, i.e., only paths are used.

Until now, only a mechanism for more efficiently accessing patterns in a query is constructed.
The mapping between a pattern and the endpoints in which it occurs has to be overcome. Pat-
terns have to be compared to the index’s patterns. In [15], Heiner Stuckenschmidt states that
an RDF model’s statements (which form a pattern) can be represented as a labeled, directed
graph, with nodes that represent a subject or object and edges as predicates. Also a query’s
WHERE-clause (which also forms a pattern) can be seen as the same kind of graph, except that
nodes may be variables instead of actual data. Consequently, the problem of matching patterns
is the same as matching graphs.

We adopt this theory to find a pattern of the query’s WHERE-clause in the index of patterns,
as well as building the index, which also needs graph comparisong to filter out reoccuring
patterns.
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4 Architectural Overview

Currently, the required data to resolve a given query is first downloaded and integrated locally,
and the query is subsequenty performed on this local data. However, another way of execut-
ing such queries would be to distribute the query across the relevant sources: i.e., by sending
(partial) queries to the relevant data sources and merging the retrieved results. This approach
facilitates further optimization of the Environment Model, as it allows to perform certain parts
of the query locally, and “outsource” other parts of the query to remote query endpoints.

Also, when dealing with sources that contain an enormous amount of data, it is not realistic
to download and integrate the dataset completely, as mobile devices are not capable of manag-
ing that amount of data.

This thesis investigates how such queries can be distributed efficiently amongst the available
endpoints. The first step is to provide a basic mechanism to distribute the query, i.e. performing
a basic analysis, dividing the query in multiple subqueries, executing them on the endpoints
and processing the results.

The next step is optimizing this process by outsourcing local joins to the endpoints them-
selves, to decrease the execution time.

The final and most important optimization is keeping track of the content of endpoints.
Therefore we maintain an index of occurring patterns in the data of the endpoint. When a
query is ready to be executed, every pattern of a subquery is matched to the index, in order to
determine if the source contains relevant information.

Integration in SCOUT

As stated before, the Environment Layer integrates contextual information on the user’s envi-
ronment. It provides mechanisms to query (query service) and push information to the user
(notification service). This thesis is situated around the query service. The Environment Layer
in terms of query service, is shown in figure 4.1. The solution presented in this thesis works
similar as the Source Index Matcher and Source Index Manager, as shown in figure 4.2. A source
is indexed during the index phase by the Index Generator, which stores patterns occuring in
the source. During the query phase, the Query Distribution Plan component accepts a query
for which it constructs a plan, after analyzing it. First, this plan could be optimized using
outsourced joins, whereafter it can be filtered using the Index Matcher and executed by the
Query Engine.
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Figure 4.1: Environment Layer - Query Service with SIM and source cache

Figure 4.2: Environment Layer - Query Service with support for SPARQL endpoints
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5 Query Distribution

This thesis is about efficiently distributing queries over multiple SPARQL endpoints. SPARQL
endpoints are external sources that allow querying their data by submitting the query. This
process can be optimized in different ways. For this thesis, two steps are taken to improve the
performance and decrease the execution time. The general flow is shown in figure 5.

Figure 5.1: General flow of the Query Distribution Plan

• Distribute the query : make a basic distribution plan that executes every individual triple
pattern of the query as a subquery on each source, and afterwards joins the results;

• Optimization 1 “Outsource joins” : improvement of the distribution plan such that the
local joinwork of resultsets is decreased, by outsourcing joins to the endpoints, where
possible;

• Optimization 2 “Use index” : create a local index of the external sources, to rule out
subqueries on sources that will not yield any results;

• Execute plan and join results : the last step where all requests are made and the retrieved
results are put together to make the result of the whole query.

This chapter explains the concepts of these steps in detail. Section 5.1 explains the creation of
the basic plan and its execution and processing. Sections 5.2 and 5.3 show how the distribution
plan can be optimized, using outsourcing of joins and indexing, respectively.

5.1 Basic Query Distribution

As explained in section 2.7, executing a query on all available sources is not sufficient to retrieve
all possible results. Some sources may not contain all wanted information, thus have to be
complemented with information from other sources. For example, when source A contains
information about persons and their names, and source B about their emails, a query that wants
to retrieve all persons with a name and email will not yield any results, when submitted to both
sources in its original form, as none of the sources know such persons.This section describes
the process of creating and executing a basic query distribution plan, which distributes the
execution of the query across each of the datasources, and processing its results.

5.1.1 Concept

5.1.1.1 Constructing the Query Distribution Plan

As explained in 2.5.2, the pattern of the SPARQL WHERE-clause determines whether a source
contains results or not, as the source tries to find data that matches that pattern. When dealing
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with multiple sources, it is possible that data matching this query pattern is distributed across
the sources. Therefore, in order to retrieve results, we must decompose the patern into its
smallest indivisible units (i.e., triple patterns), and execute each of these units on every source.
This way, we are able to collect relevant data for the query pattern from each source. Finally,
the individual results are joined afterwards.

More specifically, a collection of querysets are first generated. A queryset comprises the
individual triple patterns in the query, and assigns every individual pattern to be executed
on a certain source. In fact, this process is a permutation with repetition, because the order
does matter. This guarantees that the information of all sources will be combined, as each
permutation is unique and contains a source for all conditions of the original query. We choose
r (#triple patterns) out of n (#sources) items. Each permutation is called a queryset, which
contains r subqueries, which is the assignment of a triple pattern to a source. In total we have
nr querysets. Together these querysets form the Query Distribution Plan.

{[t1Sx], . . . , [tiSy], . . . , [tjSz]}

{} is a queryset, [] is a subquery, 0 < i < r, 0 < j < r, 0 < x < n, 0 < y < n, 0 < z < n,
1 6= i 6= j, r =#triple patterns, n =#sources

For example, for 2 triple patterns (t1, t2) and 3 sources (A,B,C), there are 32 querysets:
1: {[t1A], [t2A]}
2: {[t1A], [t2B]}
3: {[t1A], [t2C]}
4: {[t1B], [t2A]}
5: {[t1B], [t2B]}
6: {[t1B], [t2C]}
7: {[t1C], [t2A]}
8: {[t1C], [t2B]}
9: {[t1C], [t2C]}

5.1.1.2 Executing the Query Distribution Plan

After the construction, the plan is executed and its results processed. This works as follows:
For each queryset

• Execute every subquery on its associated source. To optimize, we use a simple result
cache system, to reuse the previous retrieved results

– search through cache for resultset of the subquery, if found use that resultset

– if not, perform a request to the source and put the results in the cache

• Join the resultsets

– for every pair of subquery results, join them on the shared variables or make the
carthesian product if there are no shared variables between the resultsets. For ex-
ample, if resultset R1 has variables ?a, ?b and R2 ?b, ?c, then we produce a resultset
with variables ?a, ?b, ?c where the results are matched on ?b. Subsequently, replace
the two resultset by the joined result and repeat the process

– if one resultset is empty, the joining process is stopped, as the above joining process
will never produce results for this resultset
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• Afterwards, take the union of the joined resultsets of the querysets. A single result is
equal to another result if the value of each variable is equal.

Note that the aforementioned cache is used per execution of the plan. Thus, it is volatile
and discarded after the execution. Once the Query Distribution Plan is executed, the obtained
set of results represents the results of the query on all the sources. In other words, this resultset
is equivalent to the results that would be obtained when executing the query on the entire
combined set of sources.

5.1.2 Example

Suppose there are two sources A, B. A contains information about persons and their names
and relations. B stores information about persons and their names and emails. To describe this
information, we use the FOAF ontology.

Let’s assume that source A and B contain the following data:

1 A/

2 <http :// example.org/raf > rdf:type foaf:Person

3 <http :// example.org/raf > foaf:name "Raf"

4 <http :// example.org/raf > foaf:knows <http :// example.org/stijn >

5 <http :// example.org/leen > rdf:type foaf:Person

6 <http :// example.org/leen > foaf:name "Leen"

7 <http :// example.org/stijn > rdf:type foaf:Person

8 <http :// example.org/stijn > foaf:name "Stijn"

9

10 B/

11 <http :// example.org/raf > rdf:type foaf:Person

12 <http :// example.org/raf > foaf:name "Raf"

13 <http :// example.org/raf > foaf:email "test1@test.com"

14 <http :// example.org/leen > rdf:type foaf:Person

15 <http :// example.org/leen > foaf:name "Leen"

16 <http :// example.org/leen > foaf:email "test2@test.com"

17 <http :// example.org/stijn > rdf:type foaf:Person

18 <http :// example.org/stijn > foaf:name "Stijn"

19 <http :// example.org/stijn > foaf:email "test3@test.com"

Listing 5.1: Data source for the example of query distribution

PREFIX foaf: <http :// xmlns.com/foaf /0.1/>

SELECT ?n

WHERE {

?p foaf:name ?n .

?p foaf:knows ?p2 .

?p2 foaf:email ?e .

}

Listing 5.2: SPARQL select for example query distribution

We want to ask for the names of the persons that know a person with an email. Solving this
query implies combining information from multiple sources, since none has enough information
to resolve the query on its own.

Creating the Query Distribution Plan The WHERE-clause of the query contains three
triple patterns of size 1:

1. t1 (?p foaf:name ?n)
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2. t2 (?p foaf:knows ?p2)

3. t3 (?p2 foaf:email ?e)

Since there are two sources, there will be 23 querysets in the plan:

1: {[t1A], [t2A], [t3A]}
2: {[t1A], [t2A], [t3B]}
3: {[t1A], [t2B], [t3A]}
4: {[t1A], [t2B], [t3B]}
5: {[t1B], [t2A], [t3A]}
6: {[t1B], [t2A], [t3B]}
7: {[t1B], [t2B], [t3A]}
8: {[t1B], [t2B], [t3B]}

Executing the Query Distribution Plan Queryset 1 will perform three requests and cache
their results. As a result, queryset 2 will make only one request, since the first two subqueries
were already cached. In total, the querysets will make six requests. The results are (expressed
in the person resource):

[t1A] : raf, leen, stijn
[t2A] : raf
[t3A] : ∅
[t1B] : raf, leen, stijn
[t2B] : ∅
[t3B] : raf, leen, stijn

After executing a queryset, the resultsets of the subqueries are immediately joined. As men-
tioned in the section on query distribution plan execution (see section 5.1.1.2), joining the results
in a queryset is only necessary when each subquery has a non-empty resultset. Thus queryset
1, 3, 4, 5, 7 and 8 will be discarded, as they contain subqueries that did not yield results on
their assigned sources (see section 5.1.1.2).

For queryset 2, the join process first takes the resultsets from [t1A] and [t2A], and tries
to find matches on the shared variable ?p. When a match is found, the result is combined,
otherwise, the result is discarded. Thus, only raf remains. The same process is applied to the
result of the first join and [t3B], which will join on the variable ?p2. Still, only raf remains,
since raf knows stijn, who has an email. The resultset of queryset 2 is thus raf.

For queryset 6, [t1B] and [t2A] are joined on ?p, which results in a set containing raf. Next
this joined result is joined with [t3B] on variable ?p2, which has the same outcome as for
queryset 2, i.e. raf.

When each queryset is executed, the results are be put together (union). Since queryset 2
and 6 produced the same result, the final result will be a set containing raf.

5.1.3 Issues

We illustrated in the previous example that a local join must be performed on the name ([t1A])
and relation ([t2A]), which takes processing time. In that example the dataset of source A was
very small, but imagine that source A contains the names and relations for 100000 persons,
then the processing time increases a lot. Since both triple patterns occur in the same source,
and thus the subquery is sent to the same source, a first logical optimization is to send both
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subqueries as one subquery, i.e. putting both triple patterns together. This ensures that the
remote source will perform the join (“outsourced join”), which delivers us from joining locally.

5.2 Optimization 1: Outsource Joins

The first optimization is “outsource joins”. Joining resultsets is an expensive operation. This
optimization decreases the local join work by outsourcing the joins to the endpoints themselves,
where possible. This section describes the approach to achieve this.

5.2.1 Concept

Until now, only triple patterns of size 1 are considered. However, some of the individual triple
pattern assignments in a queryset can be merged together, in case they are assigned to the same
source. A queryset containing [t1A] and [t2A] can be merged as [t1t2A]. This way, the work of
locally joining the results of these individual triple patterns can be avoided. For every pair of
triple pattern assignments in a queryset:

[txSi], [tySj ]
becomes
[txtySi]

i, j ∈ [1, n]; i = j; x, y ∈ [1, r]; x 6= y; r =#triple patterns, n =#sources

5.2.2 Example

The querysets of the previous example are transformed into:

1: {[t1A], [t2A], [t3A]} → {[t1t2t3A]}
2: {[t1A], [t2A], [t3B]} → {[t1t2A], [t3B]}
3: {[t1A], [t2B], [t3A]} → {[t1t3A], [t2B]}
4: {[t1A], [t2B], [t3B]} → {[t1A], [t2t3B]}
5: {[t1B], [t2A], [t3A]} → {[t1B], [t2t3A]}
6: {[t1B], [t2A], [t3B]} → {[t1t3B], [t2A]}
7: {[t1B], [t2B], [t3A]} → {[t1t2B], [t3A]}
8: {[t1B], [t2B], [t3B]} → {[t1t2t3B]}

The execution process is still the same. Queryset 1, 3, 4, 5, 7 and 8 will still yield no re-
sults, as some of their constituent subqueries (e.g. [t1t2t3A] for queryset 1) do not yield results
in the assigned sources. For queryset 2, the join process is optimized, since there are only two
resultsets instead of three to join. Also for queryset 6, only two resultsets instead of three have
to be joined.

5.2.3 Issues

Although this optimization decreases the local join time, still another problem can be tackled.
For instance, in the ongoing example, querysets containing [t3A] will still be executed, while
source A does not contain information for that triple pattern. Consequently, that queryset will
not yield results, as the join process will encounter an empty resultset. If we filter the querysets
that will not yield results prior to the execution of the query distribution plan, we could decrease
the execution time of the plan. In the ongoing example, this would mean that queryset 1, 3, 4,
5, 7 and 8 will not be executed, and thus a lot of actual requests will not be done.
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5.3 Optimization 2: Indexing Sources

The last optimization is determining which sources are relevant, as it is useless to query sources
which do not contain the wanted information. This problem is solved by keeping an index
for the external sources, which can be used to determine whether a source contains relevant
information for a given subquery. If not, the corresponding queryset will also not yield results
(see section 5.1.1.2) and can therefore be discarded. This optimization consists of two separate
processes: indexing the sources, and checking the index, when a Query Distribution Plan is
ready to be executed.

5.3.1 Indexing sources

In order to determine which sources are relevant to a given subquery, an index is used. Indexing
a source can happen in various ways. This thesis uses the notion of graph patterns to store
information. As explained in section 2.2.2.1, data can be represented using graphs. Since,
according to section 2.5.2, SPARQL applies graph pattern matching to a source’s dataset,
patterns are a logical choice to store. As stated in the related work section 3.2.2, there already
exists a path based indexing mechanism. However, graph patterns are more complete than
sequential paths, i.e. we can achieve better indexing. Take for example the following dataset:

<http :// example.org/raf > foaf:name "Raf"

<http :// example.org/raf > foaf:knows <http :// example.org/stijn >

<http :// example.org/stijn > foaf:email "test@test.com"

<http :// example.org/leen > foaf:name "Leen"

<http :// example.org/leen > foaf:knows <http :// example.org/stijn >

Listing 5.3: Data source for difference path based and graph based indexing

Using a graph based index, only the first pattern is indexed, while using a path based index,
we would index the last two patterns shown below:

foaf:knowsfoaf:name

foaf:email

foaf:name foaf:knows

foaf:email

Using paths, we should manually join on the root nodes, not knowing if that join would yield
results. However, when using a graph pattern based index, a query would never be submitted,
since there must be results, as the pattern occurs. In short, patterns are extracted out of the
dataset, which are stored as a graph. Later on, the pattern of a query can be compared to a
pattern in the index. This comparasion only takes into account the predicates (or the labels of
the edges of the graph).

5.3.1.1 Building the index

Building a graph pattern index for a source first requires obtaining all triples, after which
occurring patterns can be extracted from the resultset. This is achieved by querying for all data
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in triple form, i.e. subject predicate object. To find patterns, we start by taking a triple t1 out
of the resultset and add it to an empty graph. Then, we add more triples t2 that match one of
the following conditions:

• subject(t2) is equal to subject(t1)

• subject(t2) is equal to object(t1)

• object(t2) is equal to subject(t1)

This process is repeated for triple t2. This way, graph patterns that occur in the dataset are
obtained. It also is possible that the index contains multiple graph patterns for a given source.
When there are no such triples anymore, a pattern is discovered. This pattern has to be com-
pared to all previously found patterns, as the same pattern may be extracted previously. Only
if the pattern is (at that moment) unique, it can be added to the index’s patternlist. In case
there are still triples left in the resultset ater the extraction of a pattern, another triple is taken
from the resultset and the recursive process is repeated.

The most difficult aspect of building the index, is determining whether a pattern is unique.
To achieve this, the graphs must be compared pair-wise. For the found pattern p1 and an
already existing pattern p2, this comparison can result in the following cases:

1. p1 is equal to p2: no action is taken, as the pattern already exists in the index.

2. p1 contains p2: p2 can be removed, and p1 is added to the index.

3. p1 is contained in p2: no action is taken, as the pattern already exists as subpattern.

4. p1 and p2 have no relation: p1 represents a different pattern than p2, and should be
compared to the other extracted patterns; if no other pattern exists with a comparison
outcome of 1, 2 or 3, p1 can be added to the index.

5.3.1.2 Graph comparison

The algorithm for comparing two graphs, is explained using pseudocode in listingcomparison.
We also present a visualized example of a below mentioned neighborhood-check.

1 FUNCTION compare(g1,g2)

2 CHOOSE (ANOTHER) RANDOM NODE g1 : n1

3 IF NO n1 RETURN false;

4 CHOOSE (ANOTHER) RANDOM NODE g2 : n2

5 IF NO n2 GOTO 2;

6

7 IF (compare_edges(n1,n2))

8 THEN

9 IF compare_track(n1,n2) AND MAPPINGCOMPLETE : RETURN true

10 ELSE GOTO 4

11 END

12 ELSE GOTO 4

13 END

14

15 FUNCTION compare_edges(n1,n2) :

16 FOR EACH OUTGOING EDGE e OF n1 :

17 IF e PRESENT IN n2 : RETURN true

18 ELSE RETURN false

19 END

20
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21 FUNCTION compare_track(n1,n2) :

22 FOR EACH ADJACENT NODE n1a OF n1 :

23 FOR EACH ADJACENT NODE n2a OF n2 :

24 IF compare_edges(n1a , n2a) ADD n2a TO checklist OF n1a

25 ELSE RETURN false

26 END

27 END

28

29 FOR EACH ADJACENT NODE n1a OF n1 :

30 IF n1a HASMAPPING BREAK;

31 FOR EACH NODE node IN checklist OF n1a :

32 IF compare_track(n1a , node) MAP node TO n1a

33 ELSE RETURN false

34 END

35 END

36 RETURN true

37 END

Listing 5.4: Graph comparison algorithm

Neighborhood-check The first step of compare_track is a “neighborhood-check”. Using
this, we determine which adjacent nodes of a node in the second graph are a possible mapping
for the adjacent nodes of a node in the first graph. The following example illustrates this.

1a

1b 1c

r1 r2

2x

2y 2z 2v

r1 r1 r2

Possible mappings for the adjacent nodes of 1a (checklist):
1b : {2y, 2z} (every to-node of r1 in the second graph)
1c : {2v}

Comparing graphs The graph comparison starts by picking a random node from g1 and g2,
and compare the edges of those nodes (compare_edges). If the edges of g1 are a subset of those
of g2, a match is found. If not, another random node from g2 is selected and this matching step
is repeated.

After two startnodes have been obtained, the neighborhoods of both startnodes are checked
(compare_track). More specifically, for each adjacent node of the startnode in g1, we search for
a mapping to an adjacent node of the startnode of g2 (performing each time the same matching
step described above). These mapped nodes are added to a list of nodes whose neighborhoods
need to be checked later on. In this process, it can occur that multiple mappings are possible
for a node. In that case, these alternative mappings are also stored, so that they can be used if
another mapping was proven to be incorrect (see paragraph below). Subsequently, for each of
the nodes in the list, the same neighborhood-check process is recursively repeated as described
above, traversing both graphs until there are no nodes left in the node list. Note that, in case
an adjacent node (i.e., adjacent to the node that is currently being checked) was already been
mapped in a previous iteration, this node is not added to the aformentioned node list, in order
to avoid loops. In case this process ends successfully, i.e., 1) the list of nodes is empty and 2)
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each traversed node has a found mapping, g1 is structurally speaking a subgraph of g2.

At a certain point, an adjacent node in g1 may fail to match to one of the other adjacent nodes
in g2. In that case, it is possible that one of the previously chosen mappings was incorrect. As
a result, we need to backtrack to try an alternative mapping, repeating the process described
above from this point onward with a different mapping. This backtracking can be repeated
several times, until we end up at the initial node. If this is the case, another random node in g2
is chosen and the entire process is repeated. If no other matching node in g2 can be found, it
means that at least one node in g1 does not have a match and the process can be terminated.

5.3.2 Checking the index

Checking the index is situated just before executing the Query Distribution Plan (see figure
5). At this point, the querysets are generated (possibly optimized for outsourcing joins). For
each of the querysets, this step checks whether they contain one or more subqueries of which
the corresponding graph pattern(s) does not occur in the index. If not, it is known that this
subquery will not yield results when executed on the dataset; therefore, the queryset itself will
also not yield results (see section 5.1.1.2), and can therefore be discarded.

To check whether a subquery should be submitted, we have to match its pattern to the
index. There are various ways to achieve this. A very naive way is to simply check the pattern
for every subquery in every queryplan, using the very expensive graph comparison algorithm.
This approach has disadvantages. Since some subqueries occur in multiple querysets, they will
be checked more than once. Second, when a subquery’s pattern is a subpattern of another
subquery’s pattern, it is superfluous to check the first one if the latter already occurs in the
index.

In order to cope with these issues, a special tree is built (see figure 5.3.3). This tree maintains
a hierarchical structure of the triple patterns that appear in the querysets. Each level of the
tree contains patterns of a certain size s, while the level belows contains patterns of size s− 1.
Each node thus corresponds to a graph pattern, where the children of the node represent the
subpatterns of this pattern. E.g., if a pattern contains t1t2, it has a link to pattern t1 and
pattern t2. This allows us to compare patterns to the index’s patterns more efficiently, as the
childpatterns of a pattern also exist in the index when the latter exists. The steps to filter the
querysets of the Query Distribution Plan are:

Calculating the powerset of all available triples This step ensures that all combinations
of the triples are made. The empty set is discarded, as this one is of no interest. After this step
2t − 1 triple patterns are generated (t = #triples). Each triple pattern represents a pattern
(which are the graph patterns that will be used for comparison), that is used in the querysets.
The sets are sorted on size, descending.

Building the tree The tree is built from top to bottom (biggest setsize to smallest setsize),
by adding the generated triple patterns. When a triple pattern is contained in another set (i.e.
the size is exactly 1 triple less), the triple pattern is a marked as a child of that set. This is
done, until all sets are put in the tree. For t triples, the tree has t levels, and each level has C l

t

triple pattern set (l = size of the sets on that level; 1 ≤ l ≤ t).
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Marking the tree Next, we navigate through the tree, once for each source, to mark the
triple patterns that appear in the index. This is done per level:

• for each node on that level: check whether the associated pattern appears in the index,
for the given source, using graph comparison (as explained above)

– if so, mark that and propagate this mark to all its decendants, since they are a
subpattern of that associated pattern and thus also will appear in the index (see
introduction of this subsection). Therefore no explicit comparison is needed.

– if not, check all his children in the same way, as they may appear

Note that the graph comparison is a bit more extended, since the graph of the pattern corre-
sponding to a node might be disconnected. If that is the case, the graph is simply split into
multiple connected graphs. The comparison will only succeed if all subgraphs are be matched.

Filter the querysets The last step is updating the Query Distribution Plan. For each
queryset, every subquery’s pattern is looked up in the tree, and checked whether the pattern
appears in the index for the given source. If every subquery can produce results, the queryset
is kept. Otherwise it is discarded.

5.3.3 Example

For this example, the used dataset is presented as listing 5.1.

Building the index The first triple of source A (line 2 ) is taken, and nodes that match the
conditions, specified in section 5.3.1.1, are 3, 4, 7 and 8 (the latter two also match since the
object of 4 could be matched to the subject of 7 and 8 ). Since this is the first found pattern
(p1), it is added to the index. The next still available triple is 5, which forms a pattern (p2)
together with 6. Since there is already a pattern p1, p2 has to be compared to p1. The graph
comparator determines that the graph of p2 is a subgraph of p1. Thus p2 is discarded. Note
that the comparison only takes the edges of the labels into account. The same process starts
for source B. Eventually in figure 5.2, for source A, the only pattern is the left one; for source
B the right one.

Checking the index The WHERE-clause of the SPARQL query of listing 5.2 contains three
triples. The hierarchical tree is shown in 5.3.3. The sources that contain the pattern, are listed
between braces. As listed, the graph comparator determined that the pattern t1t2 is available
in A. Therefore t1 and t2 also were marked as available in A. B only contains t3.

The querysets generated via optimization 1 were:
1: {[t1t2t3A]}
2: {[t1t2A], [t3B]}
3: {[t1t3A], [t2B]}
4: {[t1A], [t2t3B]}
5: {[t1B], [t2t3A]}
6: {[t1t3B], [t2A]}
7: {[t1t2B], [t3A]}
8: {[t1t2t3B]}
The subqueries that can be resolved are marked in bold.
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rdf:type

foaf:knows

foaf:name

rdf:type

foaf:name

rdf:type

foaf:name

foaf:email

Figure 5.2: Patterns in the index for example query distribution

t1t2t3{}

t1t2{A} t1t3{B} t2t3{}

t1{AB} t2{A} t3{B}

Figure 5.3: Hierarchical tree for query pattern

The above hierarchical tree learns that only queryset 2 and 6 will remain after filtering the
querysets, as they are the only querysets that contain subqueries that all will yield results. The
other 6 ones thus can be ruled out.
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6 Implementation

The previous chapter introduced the concept of the Query Distribution Plan, which enables
to efficiently query data that is distributed over multiple SPARQL endpoints. This chapter
elaborates on the implementation of the different components realizing and optimizing the
Query Distribution Plan. Section 6.1 lists the components that are used to construct and
execute the plan. Section 6.2 shows how the index is stored and how it is used by the plan.

6.1 Construction and execution of the Query Distribution Plan

The QueryDistributionPlan class bundles all activities, needed to query distributed data. The
next subsections explain every aspect of the plan in detail, from parsing the query over making
the querysets to processing the results. The steps will be executed when the execute(Query q)
method of the QueryDistributionPlan class is invoked. It has two options, useOutsourceJoin()
and useIndex() to enable or disable both features.

6.1.1 Parsing queries

In order to make querysets, the system needs to know what triple patterns are contained in
the query. The query has to be parsed and transformed to a structure, SimpleParsedQuery,
which contains all needed information: the triple patterns, the selection variables and all the
variables that the triple patterns share. As figure 6.1 shows, this is the responsability of the
QueryParseAlgorithm. The QueryBasicParse class communicates with the external library
SPARQL Engine for Java1. The SPARQLParser of that library builds an AbstractSyntaxTree
by parsing the query in String format. Next, the tree can be visited (using the visitor pattern)
by an instance of a custom subclass of SPARQLParserVisitor. Every time a part of the query
is visited, an appropriate method is called, which is dynamicly bound to our implementation’s
methods. We are interested in the visit methods for ASTTripleSet and ASTSelectQuery, since
these two come up with the triple patterns and the selection variables. For each triple pattern
found, a Triple class is created and the shared variables are determined. The selection variables
are necessary, as we make our own subqueries later on (section 6.1.3).

6.1.2 Making querysets

As we have access to the triple patterns in the query, we can start making querysets. As seen
in figure 6.2, the QueryPlanGenerator is the heart of that process. It provides two methods,
generateSingleQuerySets() and generateJoinedQuerySets() that produce a set of QuerySet with
permutations (which contain TriplesOnService objects that represent a triple pattern on a cer-
tain source) that contain triple patterns of size 1, and triple patterns of size > 1, respectively.
In other words, it has the possibility to generate querysets with and without outsourced joins.

The base for both methods is the same, as generating querysets with outsourced joins is
merely transforming the querysets with single triples by putting together triples that will be
executed on the same source. To generate the all basic query sets, we first start by making a
grid g1 with TripleOnSource:

1http://sparql.sourceforge.net/
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Figure 6.1: Class Diagram of the Query Parser

t1S1 . . . t1Si . . . t1Sn
...

...
...

...
...

tjS1 . . . tjSi . . . tjSn
...

...
...

...
...

trS1 . . . trSi . . . trSn

g1 : n = #sources, r = #triples, 1 ≤ j ≤ r, 1 ≤ i ≤ n

Next we use the structure of writing a permutation of the sources in a consequent way. For
r triples and n sources, there are nr permutations (section 5.1.1.1). Each permutation has r
TripleOnSources. We make a grid g2 of nr rows and r columns. The nice property is that for
column j (1 ≤ j ≤ r), the sources alternate with a step of nr−j . To fill the grid, we make
two arrays of size r, index (which specifies the column in g1 of which the subquery assignment
will be taken) and counter (which ensures a correct alternation between the different source
assignments for each subquery). The elements of the first (index ) one are filled with 1, while
those of the latter (counter) with nr−j for element j.

Next, we fill the grid g2 row by row. Element i, j of g2 is filled with the element j, index[j]
of g1. The idea is that the index array’s content is determined by the counter array’s content.
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Every time column j is filled, counter[j] is decremented by 1. If counter[j] is 0, counter[j] is
reset to its original value and index[j] is incremented by 1 (which ensures that we take another
source assignment for a given triple out of g1). Of course, if index[j] reaches n, its value is reset
to 1, as we cannot exceed the grid’s boundaries. The grid is stored as a list of Permutations,
which contain TripleOnSources.

For example, if we have 2 triples and 3 sources, g1 and g2 are as follows:

t1S1 t1S2 t1S3

t2S1 t2S2 t2S3
g1

t1S1 t2S1

t1S1 t2S2

t1S1 t2S3

t1S2 t2S1

t1S2 t2S2

t1S2 t2S3

t1S3 t2S1

t1S3 t2S2

t1S3 t2S3
g2

g2 has 32 rows and 2 columns. In column 1, sources alternate with a step of 32−1 = 3; for
column 2 that is 32−2 = 1. The index array is filled with {1, 1} and counter with {3, 1}. So
element g2[1, 1] = g1[1, 1], and counter becomes {2, 1}. The next step is that g2[1, 2] = g1[2, 1].
Now counter becomes {2, 0}, which induces that index becomes {1, 2}, and subsequently counter
resets itself with its original value for its jth element, thus {2, 1}. This algorithm now continues
for the 2nd row. g2[2, 1] = g1[1, 1] and counter becomes {1, 1}. g2[2, 2] = g1[2, 2] and counter
becomes {1, 0}, which again induces that index becomes {1, 3}, and subsequently counter re-
sets itself with its original value for its jth element, thus {2, 1}. Also index [2] is reset, since it
reached n = 3. index becomes {1, 1}. The algorithm continues for the 3rd row.

Once the permutation is made, these Permutations have to be transformed into QuerySets.
If we want to generate querysets with single triple patterns (so, without outsourcing joins), this is
a one to one mapping. The Permutation becomes a QuerySet and the TripleOnService becomes
TriplesOnService (the list with triples will always be of size 1). Otherwise, the TripleOnServices
that share the same source are put together in one TriplesOnService object, which then is added
to a new QuerySet object.

6.1.3 Executing querysets and processing resultsets

At this point, the querysets are stored in a uniform format, whether or not optimizations have
taken place (in this format, triples can possibly be grouped per source, in case of the join out-
sourcing optimizaton). Figure 6.3 shows the class diagram of this part. The execution of query-
sets and processing of their results is performed in one step, i.e. when each TriplesOnService
element of a QuerySet is executed, the QueryResults (the format of SCOUT) are immediately
sent to the QueryResultHashJoin’s join() method. The QueryResult of that method is tem-
porarily stored, as it has to be merged (union()) with other QueryResults.
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For the execution of a queryset, we rely on the (Andro)Jena library, which has support
for querying a SPARQL service. SCOUT therefore has an abstract class SPARQLWebService,
which can be implemented depending on the platform (e.g. SPARQLWebServiceAndroid for
an Android system and SPARQLWebServiceJava for a desktop java version are implemented).
This abstract class accepts a Query (SCOUT format) on the given url. The result type of the
external library is converted to a QueryResult.

The execution itself is very simple. The QueryDistributionPlan builds a Query of each
TriplesOnService, using the getAllVariables() from the SimpleParsedQuery, which is the set of
the SELECT variables of the query and the shared variables of the triple patterns (since shared
variables have to be selected to join on). All triple patterns in the TriplesOnService object
are converted to SPARQL notation and added to the WHERE-clause. As said in the previous
chapter (section 5.1.1.2), a subquery is only executed once, even it occurs in multiple querysets,
due to the caching mechanism. Therefore a simple HashMap is used, which binds a QueryResult
to a TriplesOnService.

The join process uses a hash join. Per two QueryResults, the smallest resultset will be
indexed on a hash of the shared variables for that two QueryResults. Next, we go over every
result entry of the other QueryResult, also hashing the shared variables, and looking up all
entries in the index. If there are results in the index, the results are joined, otherwise, the result
is discarded. If there aren’t shared variables, a carthesian product is made by combining every
result in the first set with every result in the second set.

6.2 Indexing sources

The section discusses the implementation of the indexing part of the thesis. As we make
extensive use of graphs, these need an efficient representation in the system and require some
basic functions for traversal. Next, the structure and generation of the index is discussed.
Finally, we explain how this structure is used to filter querysets.

6.2.1 Graphs

The representation of an IGraph can be found in figure 6.4. This representation is a Java adap-
tion of the graph structure for directed labeled graphs, using adjacency lists, and supporting
DFS traversal, taken from the course “Algorithms and Datastructures 2”. [4]

A graph contains a list of GraphNodes and GraphEdges, where the latter keep their own from-
and tonode. Nodes are added using the findOrCreateNode() method, which only takes a name as
input. This way, each GraphNode is constructed and added by the IGraph itself, avoiding errors
and inconsistencies in the internal graph structure. Traversing a graph is done in a uniform,
event-based way, i.e. independent of the specific traversal algorithm employed. To realize a
specific traversal algorithm, the developer needs to implement a subclass of TraversalFunctions;
during traversal, the GraphTraversal class invokes the methods of an instance of this subclass,
allowing this instance to guide the traversal. Currently, we only support traversing the graph
in a Depth First way; this traversal is used when cloning a graph (cloneFromRoot()), starting
from a certain node. This function will be used by the graph comparator to split a disconnected
graph in multiple connected graphs. Details of the working of the graph implementation can
be found in the course.
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6.2.2 Building the index

As explained in the previous chapter (section 5.3.1), an index is built for each service. Internally,
an index is stored in PatternIndex as a HashMap, linking a list of IGraphs (which represent the
patterns in the index) to a SPARQLWebService. For each service, the generateServiceIndex()
method of PatternIndex is called, which executes the query

SELECT * WHERE { ?subject ?predicate ?object }

(using the service’s executeQuery() method), in order to retrieve all data in the source. This
produces a QueryResult, which is transformed to a ResultEntry (see figure 6.5), which is a
kind of wrapper for accessing the data more easily during the execution of the buildPattern()
method of IndexGenerator. That method implements the algorithm, described in subsection
5.3.1.1. Once a pattern is built, it is compared to other existing patterns, using the GraphCom-
paratorWithBacktracking class, and the actions, described in that same paragraph, are taken.
The comparator’s contains() method implements the algorithm described in 5.3.1.2. When the
indexing is finished, we have built an index containing unique patterns that occur in a source.

6.2.3 Using the index

The purpose of the index is to filter the querysets that will not yield results on their assigned
source in the queryset. Therefore we build an hierarchical tree which provides access to the
patterns of the subqueries and, for each pattern, keeps references to the services that contain
relevant data for that pattern. This tree allows us, as explained in 5.3.2, to match the patterns
of the subqueries more efficiently, as a subpattern of a pattern also occurs in the index, when
the pattern itself occurs. This tree actually compromises two components; a structure to be
traversed from top to bottom, and quick access to any of its members. The class diagram is
shown in figure 6.6.

The basic element of the tree is the class TripleTreeValue, which represents a node in the
tree, containing a TripleSet (a subpattern in triple and graph form) and a list of services.
Moreover, its children in this tree are other TripleTreeValues that represent subpatterns of the
given pattern. This satisfies the first requirement. The quick access is provided by using a
HashMap (combinations), which links a hash of a TripleSet to its TripleTreeValue. Note that
this quick access is required when looking up the corresponding TripleTreeValue for a given
TriplesOnService object (i.e., triples applied on a certain source) of a queryset (see subsection
5.3.2). This way, we can find out whether this specific source actually contains relevant data
for these triples, i.e., by checking the sources associated with the TripleTreeValue. Therefore,
we need a way to compare the TriplesOnService objects of querysets to the TripleSet object of
TripleTreeValues. As these object belong to different classes, we need to override the equals()-
and hashCode() method of both classes to compare their constituent triples.

The QueryDistributionPlan uses the index by invoking the IndexMatcher ’s filterExecution-
Sets() method. This method will build the tree for a given query, as described in subsection
5.3.2. First it makes a powerset2 of the triples argument, creating TripleSets. These are or-
dered on size, descending, using the Collections’ sort() method. Next these sets are added to
the tree, where the tree itself creates TripleTreeValues objects for each of them. Moreover, the
tree maintains the child relations, by traversing the already existing members of the tree, and

2The powerset of any set S is the set of all subsets of S, including the empty set and S itself. [source:
Wikipedia] Note that in context of this thesis, the empty set is discarded (section 5.3.2).
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adding the new value as a child if it contained in that member.

The next step is filling the tree with sources that containing relevant data for a given Triple-
TreeValue. This is also described in 5.3.2. Due to the child relation, it is trivial how the traversal
is achieved programmatically. But the main part is comparing the pattern of the TripleSet to
the indexpatterns. Again the GraphComparatorWithBackTracking is used to achieve this. The
only difference is that the graph of a TripleSet ’s pattern might be disconnected. Therefore the
DFS, mentioned in 6.2.1, splits the graph in connected parts by traversing the graph from every
available root (if one does exist) and adding each encountered node and edge to a new graph.
This is necessary, as the graph comparator cannot compare disconnected graphs. We state that
a disconnected graph g1 is a subgraph of g2, if each connected graph in g1 is a subgraph of g2.

Finally, the last step is filtering the querysets, as described in 5.3.2. The quick access to
the tree enables this without having to traverse the whole tree each time. For each subquery in
a queryset, the serviceSupportsCombination() method of the corresponding TripleTreeValue is
invoked.
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Figure 6.2: Class Diagram of the Query Plan Generator
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Figure 6.3: Class Diagram of the Execution and Processing
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Figure 6.4: Class Diagram of the Graph Implementation
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Figure 6.5: Class Diagram of the Index Generator
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Figure 6.6: Class Diagram of the Index Matcher
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7 Evaluation

The purpose of this thesis is performing query distribution in an efficient way. The first method
is simply querying each source with subqueries that contain exactly one condition of the main
query. The obtained results are locally joined. The next step is reducing the local joins by
querying the sources with combinations of conditions. Finally, an index of each source is con-
sulted to determine whether or not it has to be queried.

This chapter evaluates the concepts introduced in this thesis. The first section describes
the test environment. The next section contains an extended description of the test cases and
queries. Finally, the last section makes some conclusions.

7.1 Test environment

The architecture for this evaluation is twofold. On the client side, the Samsung Galaxy S
i9000 mobile phone, which runs Google Android 2.2, executes the tests built using the SCOUT
framework. For the SPARQL endpoints, a local server is set up. The software that creates the
actual endpoints, Sesame 2.4, is provided by openRDF. For this evaluation, it is deployed on
a Tomcat 7 servlet container, which itself runs on an Acer Aspire 5002 notebook (AMD Tu-
rion 64 ML-30 1.6GHz; 1.37GB RAM), running Windows XP. The client and server are, due to
infrastructural reasons, in the same private network, connected to the same wireless access point.

In total, there are three endpoints (hereafter called S1, S2 and S3). Together they collect
approximately 18000 triples. This data is based on the following, invented ontology:

wise:Journal String String

String wise:Person

Journal Person

Publication University

wise:Publication

Integer

String String

String

wise:University

rdf:type wise:name wise:name

wise:gender rdf:type

wise:knows

wise:publication

wise:editor

wise:author wise:worksFor

rdf:type

wise:year
wise:title wise:address

wise:location

rdf:type

wise: <http://wise.vub.ac.be/>

rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
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The data is distributed amongst the endpoints as following:

• S1: ±1400 Persons (±6800 triples)

• S2: ±20 Universities and ±200 Journals (±2200 triples)

• S3: ±2000 Publications (±9000 triples)

Generating the index gives this results: The total construction time is about 160s. However,

S # triples time (ms)

1 6800 56046.04
2 2200 7277.535
3 9000 97841.336

all 18000 161164.911

Table 7.1: Generation time for the index of the evaluation

this value will not be taken into account for the tests below, as an index can and should be
generated by the developer, since the sources are known in advance. This value only shows the
average construction time for the given dataset. The index was generated and persisted on the
internal SD card of the device, using the standard object serializer of Java. During the tests,
this “image” was deserialized and used as index.

7.2 Evaluation

7.2.1 Criteria

We will evaluate the introduced concepts using the following hypotheses:

1. using the index optimization decreases the time to do requests to a source (“query execu-
tion time”), and thus also the total time to execute a query, with all processing

2. using the join outsourcing optimization decreases the join time

3. using both optimizations cumulates the effects of 1 and 2

The effects of all hypotheses are compared with the times of the basic query distribution. The
measured times are:

• Preparation Time: parsing the query, making the querysets and, if applicable, matching
the index (which also includes constructing the hierarchical tree)

• Query Execution Time: total time of executing all subqueries, i.e. making actual requests
(together with the number of requests)

• Join Time: total time of joining resultsets and making the union

• Total Execution Time: elapsed time from making the plan till returning the total resultset
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7.2.2 Test cases and queries

The query execution plan will be tested in 4 configurations, in order of complexity:

• basic distribution (BASIC)

• basic distribution, using the index (BASICINDEX)

• distribution with outsourced joins (OUT)

• distribution with outsourced joins, using the index (OUTINDEX)

Each case is tested using 4 queries. Each query will be run 5 times to warmup, i.e. establishing
a stable environment, ruling out irregularities like the application’s startup time, server caching,
memory management, etc. After the warmup, 10 runs are measured, of which the average will
be considered. The queries are:

• Query 1 (Q1)

what the name and gender of all persons

used sources S1, S2

PREFIX wise: <http :// wise.vub.ac.be/>

SELECT ?n ?g

WHERE {

?p wise:name ?n .

?p wise:gender ?g .

}

Listing 7.1: SPARQL Query 1 for evaluation

• Query 2 (Q2)

what the journals and names of its editors and the universities they work for

used sources S1, S2

PREFIX wise: <http :// wise.vub.ac.be/>

SELECT ?j ?n ?u

WHERE {

?j wise:editor ?p .

?p wise:worksFor ?u .

?p wise:name ?n .

}

Listing 7.2: SPARQL Query 2 for evaluation

• Query 3 (Q3)

what the editors of a journal that know authors of a publication in that journal

used sources S1, S2, S3

PREFIX wise: <http :// wise.vub.ac.be/>

SELECT ?p

WHERE {

?p wise:knows ?p2 .

?publ wise:author ?p2 .

?j wise:editor ?p .
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?j wise:publication ?publ .

}

Listing 7.3: SPARQL Query 3 for evaluation

• Query 4 (Q4)

what the female authors of publications that are published in a journal

used sources S1, S2, S3

PREFIX wise: <http :// wise.vub.ac.be/>

SELECT ?p

WHERE {

?j wise:publication ?publ .

?publ wise:author ?p .

?p wise:worksFor ?u .

?p wise:gender "F" .

}

Listing 7.4: SPARQL Query 4 for evaluation

7.2.3 Results

7.2.3.1 Preparation time

When the Query Distribution Plan is prepared, the query is parsed and the querysets are
made and, if applicable, filtered. Especially the latter two can make the difference when using
optimizations, as the query analysis (parsing) is not affected by optimizations. Outsourcing
joins can increase the preparation time a little, as one minor additional step is performed,
namely putting together subqueries on the same sources. However, the index optimization
should noticeably increase the preparation time, as a tree has to be constructed, multiple graph
comparisions have to be performed and the querysets have to be filtered.

As shown in the chart, the preparation time is indeed dependent of the used optimization.
For each query, the 2nd and 4th bar, which use the index optimization, are clearly increasing
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the time. The time increases also depending of the size of the query. However, it clearly also
depends on the query itself, more specifically, which triples are specified. This can be seen as Q3
and Q4 have the same amount of triples, but do clearly differ in preparation time. Probably the
graph comparison is much more time consuming, as the tree itself does not consider semantics
and is the same for each querysize in terms of structure.

7.2.3.2 Query Execution time

When the querysets are constructed, they have to be executed. This criterium measures the
time that actual requests to sources are made. Due to the caching mechanism per execution
of a Query Distribution Plan, the number of requests already is reduced. This effect should
be noticed in a negative way when using the outsourcing join optimization, as more different
permutations are generated, which all have to be executed on the endpoint and thus cannot
be retrieved from the cache. However, it should be noticed when using the index optimization,
since the querysets are filtered (given that some sources do not contain information), thus less
requests remain and the query execution time decreases.
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In general we see that the execution time is directly proportional to the number of requests. In
some cases, like Q3, an exception is possible (OUTINDEX took longer than INDEX), but that
could have the following reason: the execution time for a given subquery in the endpoint itself
could be longer, since the subquery is more complex for the endpoint.

As expected, using only outsourcing joins, the execution time is higher, because the caching
mechanism hasn’t the same efficiency as without outsourcing joins. However, the goal of out-
sourcing joins is to reduce the join time, which is translated into more requests.

For INDEX and OUTINDEX, we see that the number of requests is indeed smaller (and
subsequently the execution time of the query). OUTINDEX, which uses both optimizations,
performs the best. Therefore, OUTINDEX is the best choice to decrease the network usage,
even though the gain in performance is relatively less.

7.2.3.3 Join time

When a queryset is executed, its results have to be joined. The join time depends on the
amount of resultsets, but also on the amount of data. Using outsourced joins, the time should
be decreased, since we have less resultsets and already joined data, which lowers the amount of
results in a resultset. This criterium measures the time of performing all local joins, and taking
the union of the queryset’s resultsets afterwards.

As seen in the chart, the join time is clearly reduced, when using the OUT or OUTINDEX
variant of the Query Distribution Plan. The effect of using an index is even bigger, since there
were less querysets that remained. In some cases, the optimization will not work, as can be
seen in Q3. Possible causes are the amount of join variables or the size of the dataset.

7.2.3.4 Total Execution time

Finally, the sum of all parts of the Query Distribution Plan is the most important. We expect
that both optimizations produce the best results.
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As expected, this chart is very similar to the chart of the query execution time, as making
a request to an endpoint is very expensive, because it uses a lot of resources. Though, we
can conclude that the extra preparation time that is necessary for an index optimization, is
worth making. In the end, the querysets are filtered so much, that the number of requests is
decreased, which compensates for building a hierarchical tree and consulting the index. Also, the
join optimization, which doesn’t need that much extra preparation time, is certainly reducing
the join time. However, a side note must be made. The optimizations won’t work if the data is
too much distributed over the endpoints. On the one hand, keeping an index is pure overhead,
since, in the end, all sources shall be queried, as every subquery can be resolved by each source.
On the other hand, the join optimization is only profitable if the sources can resolve combined
subqueries, e.g. if the source contains data for combined queries.

7.3 Conclusion

In general, all hypotheses are confirmed. Keeping and using an index filters the querysets so
the number of requests decrease and thus the total execution time of the Query Exection Plan
decreases. Outsourcing joins indeed decreases the join time, which cumulates the effect of the
index. However the outsourcing optimization should not be used without the index optimization,
as the number of actual requests to an endpoint increase, since the built in caching mechanism
of the Query Distribution Plan if less efficient due to the number of non similar queries. In
some cases, when the data is too distributed, the proposed optimization might have a reversed
effect.

50



8 Conclusions and Future Work

8.1 Conclusions

This thesis presented a basic query distribution mechanism with two optimizations to perform
efficient query distribution across SPARQL endpoints. It was demonstrated that, using the
combination of these optimizations, the execution time of a query can decrease significantly.

8.1.1 Basic query distribution

Initially, we constructed a basic query distribution plan that performed query distribution in
a naive way. Every query was split into subqueries that contain exactly 1 query constraint
(i.e. triple pattern). Next, we made permutations of these constraints with the number of
sources, resulting in all possible sets of “subquery on source” executions (called querysets).
Together, these querysets yielded all possible results of executing the query on the different
sources. Subsequently, every subquery was executed on its assigned source. This process was
already slightly optimized, by using a caching mechanism for the results of a subquery, to reduce
the amount of requests. Finally, the subquery results in the querysets were joined using a hash
join, and the union of the queryset results was taken.

8.1.2 Outsourcing joins optimization

Since a queryset can contain multiple subqueries to be executed on the same source, the first
optimization was to combine these subqueries into a single subquery, to be executed on that
source. That way, only one request must be made per source, for a given queryset. This ensures
that joins are outsourced, and the local join time is reduced. In part 7.2.3.3, this reasoning was
proven. However, part 7.2.3.2 proved that this optimization should not to be used separately,
as the execution time for the subqueries is increased, due to the caching mechanism, as the
subqueries are less similar to eachother.

8.1.3 Index optimization

The best optimization was achieved by using an index mechanism, in order to determine whether
subqueries will actually yield results on a given source. We based the index on the graph pat-
terns that occur in the data of an endpoint. The graph patterns in an index, can be matched to
the subqueries via graph comparison, since the WHERE-clauses of SPARQL (sub)queries also
have an inherent graph structure. Comparison is currently based on predicates’ labels and their
adjacent predicates.

In order to avoid that the pattern of each possible subquery from the querysets must be
matched to the index, we used a graph pattern tree. This tree has as root the pattern of the
original query, where each lower level contains the patterns with a size 1 less than the level
above. In this tree, each pattern node keeps the sources in which the associated pattern occurs,
and has as its children the subpattern nodes of the associated pattern. The underlying idea
is that when a certain pattern occurs in a dataset, so will its subpatterns. By matching the
largest patterns to the index first, a lot of matching work can thus be ruled out, as subpatterns
of a matched pattern do not need to be matched again. When executing the subqueries in the
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querysets, each subquery pattern is first looked up in the tree, to determine which sources yield
results for the given subquery. This principle allows filtering of subqueries, which is proven to
be effective by the experiments in part 7.2.3.4.

8.2 Future Work

This thesis provides a basic concept for indexing graph patterns occuring in SPARQL endpoints.
A number of extra index optimizations could decrease the execution time even more.

By keeping extra metadata on the source content, the effectiveness of the index can be im-
proved. Until now, we only compare patterns based on predicates and their adjacent predicates,
i.e. the relations they contain. By performing a deeper content analysis during the indexing,
more effective matching can be performed, in other words, more sources can be ruled out as
having no relevant content for a given subquery. For instance, as stated in [11], DARQ also
considers the beginning letter of literal objects. If such metadata is also kept in the index (e.g.
storing which literals occur after a certain predicate in a pattern), more subqueries could be
discareded during the query phase. In the same category, storing the type of resources occur-
ing in an endpoint would allow filtering the subqueries more effectively, since rdf:type is a
frequently occuring predicate in a query. Currently, this constraint is handled like any other
predicate. However, since almost every endpoint contains this predicate, subqueries containing
this predicate are almost always executed, which increases execution time drastically.

Another optimization to perform during the indexing phase, is storing the number of actual
instances of a pattern. This allows us to perform result size estimation, and thus improve the
execution and joining process during the query phase. Based on this estimation, we can first
execute subqueries with a low number of estimated results in our plan; as the other results
need to be joined with less results, this decreases join time. In other words, we can order the
execution of the subqueries in such a way to increase performance. Note that is also possible
that subqueries with lower estimated number of results have a higher likelyhood of yielding no
actual results at all on the data source. Therefore, querysets that will eventually yield no results
can be ruled out early on.
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