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Abstract

The label “Knowledge Graph” (KG) has been used in the literature
for over four decades, typically to refer to a collection of information
about real-world entities and their inter-relationships. The prolifer-
ation of KGs in recent times opens up exciting opportunities for a
broad range of semantic applications such as recommendations. How-
ever, unlocking the full potential of KGs in response to the growing
deployment requires data platforms to efficiently store and process
the content to support various applications.

What began with extensions of relational database systems to
store the content of KGs led to the design and development of a
number of new specialized data management systems. Although
progress has been made around building efficient KG data man-
agement systems, developing high-performance systems continues to
pose research challenges. In this research, we studied the efficiency
of existing systems for storing and processing KG content. Our re-
sults pointed to performance inconsistencies in representative sys-
tems across diverse query types. We address this by introducing a
polyglot model of KG query processing to analyze each query and
match it to the best-performing available systems. Experimental
evaluation highlighted that our proposed approach provides consis-
tently high performance.

Finally, we investigated leveraging emerging hardware and its
benefits to RDF data management and performance. To this end,
we introduced a novel index structure, RDFix, that utilizes Persis-
tent Memory (PM) to outperform existing read-optimized indexes as
shown experimentally.
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Chapter 1

Introduction

Strengthening computer systems with comprehensive knowledge of
the real-world has been a long-standing research goal in computer
science [7, 8, 9]. Attaining this elusive goal is becoming more plausi-
ble today in light of the tremendous progress in a wide spectrum of
research fields ranging from knowledge harvesting and artificial intel-
ligence to databases and natural language processing as well as the
Semantic Web and information systems. Advances in these fields
have enabled us to extract information from knowledge sources to
create large-scale knowledge bases, also known as Knowledge Graphs
(KGs), i.e., collections of information about real-world entities (such
as people, places, organizations, movies, books, music albums, pro-
teins, genes, drugs, etc.) and their interconnections [7]. For in-
stance, many large-scale KGs have been deployed both by private
enterprises and in the public domain over the last ten years such
as Google Knowledge Graph [10], Microsoft Satori [11], IBM Wat-
son [12], and Amazon Product Graph [13, 14] as well-known exam-
ples of private KGs alongside Wikidata1, BabelNet2, DBpedia3, and
YAGO4 as salient examples of KGs with publicly accessible content
containing billions of entities and millions of their interconnections.
The success of KG-based applications relies on managing, accessing,

1Available Online: http://wikidata.org
2Available Online: http://babelnet.org
3Available Online: http://dbpedia.org
4Available Online: http://yago-knowledge.org

http://wikidata.org
http://babelnet.org
http://dbpedia.org
http://yago-knowledge.org
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and analyzing the content, requiring many crucial properties like ef-
ficient query processing and fast data access times. This chapter
focuses on the significance of these properties for KG-based appli-
cations and presents the research questions that we address in this
thesis related to the development of high-performance KG query pro-
cessing systems.

1.1 Motivation

Processing queries over KGs enables or enhances a wide variety of
applications, semantic or otherwise, such as similarity analysis, rec-
ommendation provision, and reasoning. As a response to the growing
number of deployments, unlocking the full potential of KGs requires
data models to represent KG content effectively and data platforms
to efficiently store the content of KGs. However, querying large-scale
KGs efficiently is still a challenge.

Throughout this thesis, we discuss this research challenge in de-
tail. We present an extensive study of the efficacy and efficiency
of the services offered by major existing Data Management Sys-
tems (DMSs) to query KGs. Through our experiments, we illustrate
the performance limitations that exist in the current generation of
these systems. In response to these limitations, we propose high-
performance solutions to execute a large number of diverse queries
over KGs with a large volume of diverse content. We evaluate the
effectiveness of our solution through experimental analysis by using
standard benchmark datasets and queries.

In this chapter, we confine our focus to highlighting the founda-
tional requirements to unlock the full potential of KGs. It begins
with the introduction of KG data models, query languages, and the
performance challenges we face to efficiently process KG queries. We
then present the research questions that we address in this thesis in
relation to high-performance query processing over KGs. Finally,
the structure and logical organization of this research are presented
(see Section 1.7).
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1.2 Foundations

1.2.1 Data Model

The Resource Description Framework (RDF)5 has widely been ac-
cepted for representing the content of KGs. It is a standardized
graph-like data model whereby the graph nodes represent entities
of a domain of interest, and the edges represent interconnections
between them [15, 16]. For example, if we use RDF to represent
the content of a KG about books, nodes can represent authors and
books, and a directed edge from a node α to another node β can be
properly labeled to represent that α is the author of β. Well-known
general-purpose KGs like YAGO and DBpedia typically use this data
model to represent their content [7, 17].

Other graph-structured data models, such as property graphs,
have also been proposed to represent KG content whereby additional
meta-information can be assigned to the graph edges or nodes in the
form of a set of property-value pairs, known as attributes [15]. The
use of property graphs can provide additional flexibility when com-
pared to the RDF data model. However, the RDF model provides
a more minimal representation [15]. The use of tree-like data mod-
els, such as Extensible Markup Language (XML), is also feasible in
most cases, yet the RDF model is generally more flexible without
the need to organize the data hierarchically (e.g. parents, children,
siblings, etc.) [16]. With these properties, it is no surprise that the
RDF model and data are widely used in studies and real-world appli-
cations of KGs. We, therefore, focus our research on the RDF data
model, providing extensive and in-depth analyses of the performance
of queries on KGs represented using the RDF data model.

1.2.1.1 Resource Description Framework

Each RDF dataset can be viewed as a collection of statements about
entities and their interrelations, called triples, of the form <s,p,o>
where s is a subject, p is a predicate, and o is an object [16, 17,

5https://www.w3.org/TR/rdf-concepts/

https://www.w3.org/TR/rdf-concepts/
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18, 19, 20, 21, 22]. Entities are depicted by subjects and objects,
whereas the relationships between them are represented as predi-
cates. RDF triples can be used to represent almost anything that
needs to be modeled, such as people, organizations, places, real-world
objects, or even abstract concepts (see Section 2.2 for more details).
For example, Fig. 1.1 depicts a KG to represent the fact that the
Opera House is a heritage site located in Sydney. Different entities
are nodes in the graph and relationships between them are repre-
sented as labeled edges. The content can be also represented by the
following triples:

1 <OperaHouse > <located_in > <Sydney >.
2 <OperaHouse > <instance_of > <landmark >.
3 <OperaHouse > <instance_of > <heritage site >.
4 <OperaHouse > <instance_of > <tourist attraction >.
5 <OperaHouse > <style > <expressionist >.
6 <OperaHouse > <opening_date > <20 Oct. 1973>.
7 <Sydney > <located_in > <Australia >.
8 <Sydney > <instance_of > <city >.
9 <Sydney > <instance_of > <capital >.

10 <Sydney > <instance_of > <metropolis >.

For instance, one way to represent the statement “Opera House
is located in Sydney” in RDF is as the triple: <OperaHouse> <lo-
cated_in> <Sydney>. A single RDF triple is the atomic unit of in-
formation in the RDF data model [23]. Note that all the above triples
are informally expressed in pseudocode (similar to the RDF 1.1
Primer [24]). However, Internationalized Resource Identifier (IRIs) [25],
which look like URLs and often include unique sequences of char-
acters and numbers, are generally used to represent triples. More
specifically, in a triple, the subject is an IRI or a blank node (i.e.,
an entity without a global identifier [24]). The predicate is an IRI
and the object is an IRI, a literal (i.e., basic values that are not
IRIs [24]), or a blank node. More details about the RDF data model
are presented in Section 2.2 of Chapter 2.
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Figure 1.1: An informal example of a simple KG describing the
Opera House, a heritage site located in Sydney.

1.2.1.2 Widespread Acceptance of RDF

RDF is used in a wide range of domains [16]. The evidence of this
can be clearly seen in the Linked Open Data (LOD) project where
a large set of RDF collections (such as DBpedia, etc.) is interlinked
at the entity level, constituting the Web of LOD. All the KGs of this
project can be freely used and distributed with the vision of enabling
the Internet to become a “global database”. Under the LOD project,
a cloud6 of over 3,000 interlinked datasets has already been made
available [26]. Fig. 1.2 attempts to illustrate the interlinked RDF
datasets that have been published in the Linked Data format under
the LOD project (source: https://lod-cloud.net/#diagram).

The wide acceptance of the RDF data model is not limited to
the LOD project or data that can be freely used and distributed on
the Web. In recent years, a number of government entities, most
notably from the US7 and UK8, have adopted this data model for a
number of datasets, including that of the Coronavirus/COVID-199.

6Available Online: https://lod-cloud.net/
7Available Online: https://www.data.gov/
8Available Online: https://data.gov.uk/
9Available Online: https://www.coronavirus.gov/ (April 2021)

https://lod-cloud.net/#diagram
https://lod-cloud.net/
https://www.data.gov/
https://data.gov.uk/
https://www.coronavirus.gov/
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Figure 1.2: The Linked Open Data (LOD) diagram (source: https:
//lod-cloud.net/#diagram)

For example, the time-series dataset includes results from the vi-
ral COVID-19 Polymerase Chain Reaction (PCR) laboratory tests,
showing results in an RDF representation from over 1,000 U.S. lab-
oratories and testing locations, including commercial and reference
laboratories, public health laboratories, hospital laboratories, and
other testing locations10. Many large organizations and companies
have also been using the RDF data model in recent years for busi-

10Available Online: https://healthdata.gov/dataset/
COVID-19-Diagnostic-Laboratory-Testing-PCR-Testing/j8mb-icvb (July
2021)

https://lod-cloud.net/#diagram
https://lod-cloud.net/#diagram
https://healthdata.gov/dataset/COVID-19-Diagnostic-Laboratory-Testing-PCR-Testing/j8mb-icvb
https://healthdata.gov/dataset/COVID-19-Diagnostic-Laboratory-Testing-PCR-Testing/j8mb-icvb
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ness data representation and data integration like Pfizer11. These,
and other examples, can easily highlight the wide acceptance of the
RDF data model in practice. In the next section, we discuss major
languages for querying KGs.

1.2.2 Query Language

As discussed, RDF has widely been accepted as a standard for rep-
resenting the content of KGs. While the representation of KG con-
tent is necessary, it is not sufficient as users require methods to
query and utilize the data. To meet this need, a number of prac-
tical query languages have been proposed over the last few years,
including SPARQL Protocol and RDF Query Language (SPARQL)
as a query language specifically designed for the RDF data model
as well as Cypher [27] and some other languages like Gremlin [28]
and G-CORE [29] for querying property graphs. These query lan-
guages offer a set of essential primitives like basic graph patterns,
relational operators, and path expressions for querying graphs. De-
tails of the popularity of these query languages are discussed in [30].
Among these, SPARQL has become the common language of choice
for querying KGs. Evidence to support this claim is shown by most,
if not all, publicly accessible KG content (such as WikiData, DBPe-
dia, etc.) are modeled in RDF while offering access to their content
through SPARQL.

SPARQL is a standard that is acknowledged and recommended
by the W3C. Its syntax holds many similarities to the widely known
SQL. SPARQL queries are typically formulated based on triple pat-
terns. Triple patterns are similar to RDF triples except that each
subject, predicate, and object may be a variable [31]. An informal
example of a SPARQL query is presented in Fig. 1.3. It asks for the
subject “OperaHouse’s” architectural style name from the graph in
Fig. 1.1. In this query, “OperaHouse style ?styleName” is a triple

11Details Available Online: https://franz.com/agraph/cresources/
white_papers/BioInform_mar3_Pfizer-Partners-with-IO-Franz_
on-Semantic-Proof-of-Concept.pdf

https://franz.com/agraph/cresources/white_papers/BioInform_mar3_Pfizer-Partners-with-IO-Franz_on-Semantic-Proof-of-Concept.pdf
https://franz.com/agraph/cresources/white_papers/BioInform_mar3_Pfizer-Partners-with-IO-Franz_on-Semantic-Proof-of-Concept.pdf
https://franz.com/agraph/cresources/white_papers/BioInform_mar3_Pfizer-Partners-with-IO-Franz_on-Semantic-Proof-of-Concept.pdf
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1 SELECT ?styleName
2 WHERE {
3 OperaHouse style ?styleName .
4 }

Figure 1.3: An informal example of a SPARQL Query

pattern whose object is a variable. More details about the SPARQL
query language are presented in Section 2.3 of Chapter 2.

Processing queries over KGs enables or enhances a wide variety
of applications. For instance, KG query processing has found wide
use for a variety of tasks in semantic search, recommendation sys-
tems, natural language processing, and text analytics. Some of these
application use cases are discussed in the next section.

1.2.3 Example Application Use Cases

1.2.3.1 Semantic Search

A prominent use case where KGs have become a key asset is se-
mantic search over the Web. Most, if not all, well-known search
engines like Bing and Google typically execute queries over their
KGs (as their important background resources) to return a set of
accurate and concise results (often entities) rather than solely listing
some hyperlinks to web pages whenever search queries precisely cen-
ter around an entity such as books, singers, music albums, movies,
theatres, hotels, restaurants, tourist attractions, flight tickets, retail-
ers, products, sports events, etc. [7]. A knowledge panel (sometimes
referred to as an information box) also appears on the result page
when we search for entities to provide us with a quick snapshot of
information.12

These and other major search engines make extensive use of KGs
that are typically modeled in RDF to understand the content of web

12Available Online: https://support.google.com/knowledgepanel/answer/
9163198?hl=en

https://support.google.com/knowledgepanel/answer/9163198?hl=en
https://support.google.com/knowledgepanel/answer/9163198?hl=en
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1 <Page1 > <type > <Recipe >.
2 <Page1 > <author > <Author1 >.
3 <Page1 > <datePublished > <2018-03-10>.
4 <Page1 > <description > <This cake is awesome.>.
5 <Page1 > <name > <Party Coffee Cake >.
6 <Page1 > <prepTime > <PT20M >.
7 <Author1 > <type > <Person >.
8 <Author1 > <name > <Mary Stone >.

Figure 1.4: RDF triples (informally expressed in pseudocode) repre-
senting a sample recipe description

pages. As an example, a web developer can use RDF to provide ex-
plicit clues about the meaning of a recipe page to Google such as the
title of the recipe, the author of the recipe, what are the ingredients,
the cooking time and temperature, the calories, and other details.13

A sample description can be represented by the RDF triples (infor-
mally expressed in pseudocode) as shown in Fig. 1.4.
Using the RDF data model to explicitly describe each individual ele-
ment of the recipe enables the semantic search engine to understand
the content of the page and formulate relevant RDF triples to add
to its KGs. On this basis, users can search for the recipe by other
attributes, such as ingredient, calorie count, cook time, and other
details with the expectation of receiving accurate search results in
most cases rather than merely hyperlinks to web pages. Indeed, it is
a clear incentive for KG growth when big companies like Google are
promoting the use of KGs and the RDF data model as part of their
search engine.

1.2.3.2 Recommender Systems

Recommender systems can help users to select what interests them
amongst a large number of choices [33]. Over the last few years,
utilizing KGs to develop recommender systems has become more
prevalent to improve the user experience in a broad range of sce-
narios, including music recommendations, movie recommendations,

13Details Available Online: https://developers.google.com/search/docs/
guides/intro-structured-data

https://developers.google.com/search/docs/guides/intro-structured-data
https://developers.google.com/search/docs/guides/intro-structured-data
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Figure 1.5: An illustration of a KG-based recommendation based
on [32]

and online shopping. In these and other scenarios, KGs can pro-
vide better understanding of the mutual relations between entities
of a domain of interest that is a key for developing recommender
systems [32]. For instance, Fig. 1.5 depicts a KG-based movie rec-
ommendation scenario represented in [32]. This KG contains five
entities, namely, users, movies, actors, directors, and genres as well
as five interrelations between them, namely, interaction, belonging,
acting, directing, and friendship. Based on this, “Movie4” can be rec-
ommended to User1 since it has the same genre as “Movie1” which
was watched by User1 before.

1.2.3.3 Text Analytics

As discussed in [7], understanding entities and their interconnections
in text play a major role in large-scale analytics over social media
posts, news articles, political discussions, scientific papers, commer-
cial advertisements, etc. A trending use case is to create KGs to
represent mentions of product names along with all the consumer
opinions that are associated with the products for performing in-
depth and comparative studies like filtering and grouping of prod-
ucts based on their categories and the consumers’ locations and opin-
ions [7]. Another growing use case of KGs in semantic text analytics
is to detect gender bias in news and similar online content as dis-
cussed in [34]. The core idea is to create a KG of people from text
and execute queries over this KG to find out each person’s gender.
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Based on this, it is also feasible to compute gender-specific statis-
tics like the number of males versus females in political offices and
gender-associated earning differentials in an industry of interest (e.g.,
the movie industry).

1.3 Challenges

Developing a standard data model (RDF) to represent KGs as well
as a standard language (SPARQL) to query their content were ma-
jor steps in opening up exciting opportunities for a wide range of
applications. However, these are not still sufficient since developing
efficient data management systems customized for KGs (aka, RDF-
stores) is also required to implement these standards to unlock the
full potential of KGs. This is particularly critical as the size of KGs
continues to explode.

In response, a number of RDF-stores have been developed in the
past few years. It began with early works on FORTH RDF Suite [35,
36], Redland [37], 3store [38], Sesame [39], KAON [40], Jena [41],
RStar [42], and DLDB [43], and continued through a number of
data platforms that have relatively been introduced more recently
such as RDF-3X [44]. Although there has been some progress in
research efforts dealing with adopting a broad range of design choices
and architectures to build RDF-stores, a number of challenges still
persist when designing high-performance systems [45, 46, 47, 48].
There are two critical challenges that hinder the performance of KG
implementations:

i) Variety. RDF can be used to represent diverse content rang-
ing from structured to unstructured data. Thanks to this flex-
ibility, users can collect data without a schema-first database
design phase — a paradigm known as “pay-as-you-go” datas-
paces [47, 49] and is sometimes referred to as the schema-
relaxable, schema-free, or schema-last feature of the RDF data
model [44]. However, this flexibility as well as the absence of
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an explicit schema and the heterogeneity of RDF datasets pose
challenges for RDF-stores [44, 45, 50].

ii) Volume. The proliferation of RDF data is rapidly accelerat-
ing. This is perhaps nowhere more evident than in the LOD
project in which an RDF data cloud of over 3,000 interlinked
datasets has already been available [26]. These datasets include
more than 84 billion triples in total [26]. While the increased
volume of RDF datasets is exciting for most semantic applica-
tions, it poses significant scalability demands on existing RDF
data management systems [47, 51].

More information about these challenges (variety and volume) is pre-
sented in the next sections.

1 <person1 > <name > <Natalie >.
2 <person1 > <home -phone > <2468>.
3 <person1 > <cell -phone > <1010>.
4 <person2 > <name > <Zoe >.
5 <person2 > <home -phone > <8642>.
6 <person2 > <home -phone > <9753>.
7 <person2 > <cell -phone > <2020>.
8 <person3 > <name > <Dana >.
9 <person3 > <cell -phone > <3030>.

Figure 1.6: An example of a KG with high-structuredness (based on
an example from [50])

.

1.3.1 Variety

RDF can represent a variety of KG content across the full spectrum
of structuredness (i.e., from structured to unstructured data) [50].
More specifically, each RDF dataset typically comes with a num-
ber of types as well as a number of instances of each type. The
level of structuredness of an RDF dataset is typically determined
by the sparsity (presence) of its predicates across instances of each
type. Consider for example the KG represented in RDF triples (note
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that similar to [24], we informally expressed triples in pseudocode)
in Fig. 1.6. For simplicity, assume that all the instances (i.e., person1
to person3) belong to the same type (i.e., type1). We also assume
that this type (i.e., type1) has predicates name, home-phone, and
cell-phone. If each instance (i.e., person1 to person3) in the KG
sets values for most (if not all) of the predicates of type1, then all
the instances in the KG have a fairly similar structure that conforms
to type1. In this case, we can say that the KG (represented using
RDF triples) has high structuredness with respect to type1. Fig. 1.7
attempts to show the high-structuredness of the KG with respect to
type1. The X-axis shows predicates of type1 and the Y-axis shows
the number of instances that set the value for each predicate. As can
be seen, all the instances set values for almost all predicates. The
only exception is person3 whose home-phone is not set. Since all
the instances in the KG have a fairly similar structure that conforms
to type1, we can say that this KG has high structuredness. Follow-
ing [50], we are not interested in the number of times a predicate is
set for an instance (i.e, multi-valued predicates). Intuitively, this is
because the level of structuredness of a KG dataset is affected by the
sparsity (presence) of its predicates across instances, rather than the
number of occurrences of the predicates [50].

Consider now the KG represented in RDF triples in Fig. 1.8. For
illustration purposes, consider that all the instances (i.e., person1
to person6) belong to the same type (i.e., type2). We also as-
sume that this type (i.e., type2) has 5 predicates: name, home-phone,
cell-phone, bornOn, and postcode. The KG represented in RDF
triples in Fig. 1.8 has low structuredness with respect to type2. To
see why this is the case, notice that all instances (i.e., person1 to
person6) in the KG do not set values for most of the predicates of
type2. In other words, all the instances in the KG do not have a
fairly similar structure that conforms to type2. The sparsity (pres-
ence) of its predicates across instances are shown in Fig. 1.9

Representing data across the full spectrum of structuredness can
be directly viewed as a strength of RDF. However, this inherent ease
of use and flexibility as well as the absence of an explicit schema
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Figure 1.7: High-structuredness of the KG in Fig. 1.6 with respect
to type1 (based on an example from [50])

and heterogeneity of RDF datasets pose performance challenges to
RDF-stores for storing and querying efficiently. This is due to RDF-
stores typically being unable to make any priori assumptions about
the level of structuredness of the datasets [50].

1.3.2 Volume

In general, the RDF data volume is measured by the number of
triples in the data and is typically referred to as the data size. We
hinted at increasing volumes in the previous sections of this chap-
ter by referring to the use of the RDF data model to represent the
massive content of KGs such as DBpedia14 and YAGO15 as well as
the tendency of different scientific communities to represent their
experiments and results using RDF (e.g., Bio2RDF16 and Uniprot17

as two major RDF collections representing scientific information like
protein sequence). With this kind of proliferation, KGs can grow
into very large datasets that contain hundreds of millions of RDF
triples. While the increased volume of RDF datasets is appealing

14Available Online: https://www.dbpedia.org/
15Available Online: https://yago-knowledge.org/
16Details Available Online: https://bio2rdf.org/
17Details Available Online: https://www.uniprot.org/

https://www.dbpedia.org/
https://yago-knowledge.org/
https://bio2rdf.org/
https://www.uniprot.org/
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1 <person1 > <name > <Natalie >.
2 <person1 > <home -phone > <2468>.
3 <person1 > <cell -phone > <1010>.
4 <person2 > <name > <Zoe >.
5 <person2 > <home -phone > <8642>.
6 <person2 > <home -phone > <9753>.
7 <person2 > <cell -phone > <2020>.
8 <person3 > <name > <Dana >.
9 <person3 > <cell -phone > <3030>.

10 <person4 > <name > <Charlie >.
11 <person4 > <bornOn > <12 Aug 1999>.
12 <person4 > <postcode > <951>.
13 <person5 > <name > <Terry >.
14 <person5 > <postcode > <159>.
15 <person6 > <name > <Manny >.
16 <person6 > <postcode > <456>.

Figure 1.8: An example of a KG with low-structuredness (based on
an example from [50]).

for a wide range of semantic applications, it also poses expanding
scalability demands on RDF data management systems [47, 51].

A larger part of the data typically needs to be scanned to return
the query result as the data volume grows. Scanning more data
typically infers more intermediate results that require management,
leading to increased pressure on the computer hardware and software
resources such as the relevant parts of the operating system, storage
media, and other components. This inevitably requires the design
and implementation of query processing algorithms with higher levels
of complexity to achieve scalable performance. In other words, the
data volume is a critical factor that can easily influence the essential
aspects of the RDF query processing (e.g., see Section 2.6), and
consequently the performance of RDF-stores [52]. More details about
the impact of volume on performance can be found in Section 3.2.3
of Chapter 3.
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Figure 1.9: Low-structuredness of the KG in Fig. 1.8 with respect to
type2 (based on an example from [50])

1.4 Research Questions

The widespread adoption of RDF for the representation and ex-
change of data has highlighted the need for employing efficient RDF-
stores. To address this need, a number of RDF-stores utilizing a
broad range of techniques have been developed over the past few
years. However, the absence of an explicit schema, and the increas-
ing size of RDF datasets, still challenge RDF-stores designers [50,
53]. To tackle these challenges, the three broad, yet essential prob-
lems that are investigated in this research can be summarized as
follows:

• Question 1. How efficiently do major existing RDF-stores
perform to store diverse RDF datasets and execute archetypal
query types over them?

• Question 2. How to design and develop an RDF data manage-
ment system that can reduce the negative effects of the variety
of RDF data and diversity of queries on the performance?
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• Question 3. How can we leverage emerging hardware devices
like Persistent Memories (PMs) to design high-performance
RDF-stores?

1.5 Research Contributions

1.5.1 An Extensive Performance Study of RDF-stores

As stated previously, KGs are gaining widespread momentum for
use in different domains. Subsequently, storing their content and
efficiently executing queries over them is becoming increasingly im-
portant. A range of Data Management Systems (DMSs) have been
employed to process KGs. One of our contributions is to provide an
in-depth analysis of query performance across diverse DMSs and KG
query types. More specifically, we provide a fine-grained, compara-
tive analysis of four major DMS types, namely, row-, column-, graph-
, and document-stores, against major query types, namely, subject-
subject, subject-object, tree-like, and optional joins (more details
about query types can be found in Section 2.4). In particular, we ana-
lyzed the performance of row-store Virtuoso, column-store Virtuoso,
Blazegraph (i.e., graph-store), and MongoDB (i.e., document-store)
using five well-known benchmarks, namely, BSBM [54], WatDiv [45],
FishMark [55], BowlognaBench [56], and BioBench-Allie [57]. A sum-
mary of our findings is as follows:

• No single RDF-store displays superior query performance across
the four query types, however, there are significant interaction
effects between different types of RDF-stores and query types.

• Taking advantage of data locality and efficient implementation
of indexing data structures (such as B-trees) can contribute to
better performance for executing subject-subject join queries.

• Suitable cardinality estimation, as well as efficient query opti-
mization, offer a significant performance improvement on subject-
object join queries.
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• The simplicity of the underlying storage layout, increasing data
locality, and suitable caching techniques can lead to perfor-
mance advantages for tree-like join queries.

1.5.2 Introducing A Polyglot Model of Query Process-
ing

As already discussed (see Section 1.3), variety and size of KG con-
tent pose challenges to DMSs to store and query KGs. As we have
shown in Chapter 4, a single, one-size-fits-all DMS does not cur-
rently exist for efficient KG query processing [45]. A contribution of
this thesis is to develop a solution to this problem that is inspired by
Ashby’s First Law of Cybernetics [58] and Stonebraker et. al. [59]
which can be paraphrased in this context to state that the variety
in the solution architecture should be greater than or at least equal
to that of the variety displayed by the data and the queries. Based
on this, our proposed solution is an architecture based on polyglot
model of query processing and access languages supported by a de-
sign that can analyze individual queries and match each to the likely
best-performing database engine. More specifically, we present Sym-
phonyDB, a prototype that provides polyglot support for RDF query
processing. It is a multi-database approach supported by an access
management layer to provide a unified query interface for accessing
the underlying DMSs. This layer receives the incoming workloads
in the form of SPARQL queries and routes each of them to one (or
more than one) of the more likely to be efficiently matched DMSs
among Virtuoso, Blazegraph, RDF-3X, and MongoDB as represen-
tative DMSs that are included in our prototype at this time. The
results of our experiments with the prototype over well-known KG
benchmark datasets point to the efficiency and consistency of its
performance across different query types and datasets.
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1.5.3 Illustrating An Efficient Indexing Architecture
with Persistent Memory

The current generation of RDF-stores is typically designed based
on an aggressive indexing scheme specific to the schema-relaxable
feature of the RDF data model based on which indexes are built
over different permutations of the three dimensions that constitute an
RDF triple [44, 60]. In this design, indexing architectures and their
primary storage locations are critical to achieving good performance.
In other words, the speed with which these indexes can be read
from the storage devices plays a major role in the performance of
RDF-stores to process the content of KGs. For the primary storage
locations, disks (e.g., HDD or SSD) and main memory (DRAM)
are the typical options. Disk-based devices only support bulk data
transfers as blocks which tend to be slow [61, 62]. This means that
even for reading a single byte of data stored on an SSD, a block
of data (typically 4 KB) will be transferred. This adversely affects
random access to the indexes. In contrast, a single byte can be
quickly read from DRAM but all data is lost in the event of a power
failure. Fortunately, emerging storage technologies such as Phase
Change Memory are reducing the fundamental gaps between main
memory and disk.

Specifically, Intel’s Optane DC Persistent Memory Modules (Op-
tane DC PMM) offers an appealing blend of the best properties of
DRAM and disk. Persistent Memory (PM) is durable like disk as well
as directly byte-addressable like DRAM [63]. PM’s price, capacity,
and latency lie between DRAM and SSD [64, 65]. This allows us to
allocate larger spaces for holding indexes without the need for recon-
struction after a crash [66]. To the best of our knowledge, efficient
indexing architectures for KGs to better leverage PM technology are
not available at this time.

Motivated by the advent of PMs, a contribution of this thesis
is to introduce RDFix, a specialized architecture for indexing RDF
data. Typical of most access methods, RDFix can be deployed as a
stand-alone indexing structure, or embedded in an RDF-store. We
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experimentally demonstrate the advantages of RDFix for indexing
diverse RDF datasets as compared to major read-optimized archi-
tectures such as B-trees, sorted vectors, and hash maps over PM.
Our experimental analyses show that RDFix outperforms these in-
dexing structures by at least a factor of 3.

1.6 Research Scope

This thesis presents an extensive study of the performance of existing
RDF data management systems. Through this study, we experimen-
tally show major RDF-stores’ performance bottlenecks. To address
these, we introduce and evaluate two solutions:

• SymphonyDB, a prototype that provides polyglot support for
RDF query processing. It is a multi-database approach sup-
ported by an access management layer to provide a unified
query interface for accessing the underlying DMSs.

• RDFix, a specialized architecture for indexing RDF data from
the ground-up in which all data persist on PM. It can perform
different operations with the lowest overhead as compared to
major read-optimized indexing architectures.

The solutions presented in this thesis are for efficient query ex-
ecution across diverse datasets and queries and for KGs modeled
using the RDF data model. It is possible to develop techniques for
supporting other data models (like labeled property graphs) in the
future but we confined our focus to RDF data at this stage.

This thesis focuses on the performance of query processing over
RDF datasets since RDF databases tend to be read-mostly if not
read-only [44, 60]. In this case, when RDF datasets are bulk-loaded in
the proposed prototypes, queries are far more frequent than updates.
Our future work will explore the performance of query processing
over update-intensive KGs.
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Figure 1.10: Logical organization of the thesis

1.7 Thesis Structure

Fig. 1.10 illustrates the logical organization of the thesis. An arrow
from a chapter α to a chapter β indicates that the content of chapter
α is a direct precondition of (and used within) the chapter β. Please
note that all the dependencies between chapters are not marked, but
the main logical outline is drawn.

Throughout this thesis, each chapter includes an introduction
that briefly describes the main focus and context of the chapter and
is concluded with a summary of the key takeaways of that chapter.
An overview of each chapter is presented below.
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1.7.1 Chapter 2: Background and Review of the Re-
lated Literature

While data management systems and KGs have been prevalent across
a number of research disciplines, we begin by presenting an overview
of the technical background and landscape as it exists today, provid-
ing insight into the state-of-the-art in related literature. It starts
by introducing KGs in Section 2.1 with the goal of providing a
conceptual background about them while including various impor-
tant definitions, a brief history, and major application use cases.
Key specifications of relevant technologies and standards, such as
the RDF data model and its foundational elements, are discussed
in Section 2.2. This is followed by providing background informa-
tion on the SPARQL query language in Section 2.3. Archetypal KG
query types are covered in Section 2.4. An in-depth discussion of KG
data management systems and a review of major state-of-the-art ap-
proaches are provided in Section 2.5 with the goal of advancing our
understanding of the design choices and architectures of modern KG
data management systems. This is followed by providing background
knowledge on query optimization in Section 2.6. Query processing
in a distributed environment is discussed in Section 2.7. Finally, a
summary of this chapter is presented in Section 2.10.

1.7.2 Chapter 3: Research Approach and Methods

Through this chapter, we discuss our approach to evaluating the
efficacy and efficiency of services offered by the current generation
of RDF-stores. We begin in Section 3.2 by clarifying the definition
of diversity-tolerant RDF-stores. We use this definition to present
an approach to evaluate the efficiency of RDF-stores. We proceed
by determining factors that can affect the performance of an RDF-
store with the goal of developing an understanding of the major role
players in high-performance KG query processing. In Section 3.3, we
give clear guidelines on how to detect potential inefficiencies of RDF-
stores and present how to set up a control experiment for insightful
comparative analyses of RDF-stores. Finally, we provide detailed
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information about the basis of our evaluation, including the bench-
mark datasets and queries, computational environment, and system
configurations.

1.7.3 Chapter 4: High-performance Knowledge Graph
Query Processing: A Comparative Analysis

The main aim of our investigation in this chapter is to assess how
efficiently major existing RDF-stores perform when storing diverse
KG datasets and executing diverse queries over them. We begin by
providing remarks concerning major factors contributing to query
performance in Section 4.2) with the goal of facilitating better un-
derstanding of the rest of the chapter. This follows by presenting our
experimental context in Section 4.3. We provide an exploratory anal-
ysis in Section 4.4 to discuss our experimental results. Our analyses
can provide an important opportunity to advance the understand-
ing of the performance of existing KG data management systems.
We make some remarks on the lessons learned in Section 4.5 and
conclude the chapter in Section 4.6.

1.7.4 Chapter 5: High-performance Knowledge Graph
Query Processing: A Polyglot Model-based Ap-
proach

In this chapter, we build upon our findings from the previous chapter,
proposing a solution to reduce the negative effects on performance as
a result of high variance in RDF data and queries. The details of our
prototype, SymphonyDB, including the polyglot access management
and data persistence layers are presented in Section 5.2 with the in-
tention of clarifying the way in which SymphonyDB executes diverse
queries. Our experimental context and platform are included in Sec-
tion 5.3. Results of the query processing and related analyses are
presented in Section 5.4. We present our conclusions in Section 5.5.



24 Chapter 1: Introduction

1.7.5 Chapter 6: High-performance Knowledge Graph
Query Processing: A Persistent Memory-based
Approach

While system design inherently yields a high impact on performance
gain, the way in which queries are executed, and the underlying
structures they utilize, also provide numerous benefits. To this end,
we propose a new index structure, RDFix, which exploits the high
performance of persistent memory to persist index data with low
overheads. In this chapter, Section 6.2 presents the design and ar-
chitecture of RDFix. We proceed by providing experimental vali-
dation of RDFix where we experimentally demonstrate its advan-
tages for indexing diverse RDF datasets as compared to major read-
optimized architectures such as B-trees, sorted vectors, and hash
maps. Our investigation led to the conclusion that index data struc-
tures with poor memory locality will typically be slower in practice
than a static array-based structure with high locality, despite the
additional space consumption. To further clarify this conclusion, a
discussion of the space-time tradeoffs is also included to highlight
that the superior performance of RDFix is achieved by trading off
more memory (space).

1.7.6 Chapter 7: Conclusion

This chapter summarizes the primary contributions and core results
presented throughout this study, returning to answer the questions
posed in Section 1.4. During this study, we also note a number of
caveats that are reviewed in Section 7.3. The findings of this study
hold numerous implications for future practice that are discussed
in Section 7.4. Finally, Section 7.5 presents concluding remarks with
the hope to encourage the use of KGs and our proposed solutions for
high-performance query execution.



Chapter 2

Background and Review of
the Related Literature

A range of topics related to Knowledge Graphs (KGs) and Data
Management Systems (DMS) is explored in this research. Provid-
ing preliminary background knowledge on related subjects and the
state-of-the-art research in these areas mentioned above are essential,
especially for readers outside of semantic knowledge management or
the database communities. This chapter presents an overview of the
technical background along with a review of the related literature. It
starts by introducing KGs in Section 2.1 (where various definitions,
a brief history, and major application use cases are included). Key
specifications of relevant technologies and standards such as the RDF
data model and its foundational elements are discussed in Section 2.2.
This is followed by background information on SPARQL query lan-
guage in Section 2.3. KG query types are covered in Section 2.4. An
in-depth discussion of KG data management systems and a review of
major state-of-the-art approaches are provided in Section 2.5. This is
followed by an overview of query optimization in Section 2.6. Query
processing in a distributed environment is discussed in Section 2.7.
Finally, a summary of this chapter is presented in Section 2.10.
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2.1 Knowledge Graph

2.1.1 Definition

Though the label KG has been used in the literature since at least
four decades ago (e.g., [67]), the definition of a KG remains con-
tentious as discussed in [16, 20]. A number of definitions have
emerged over the last few years ranging from very specific techni-
cal definitions to slightly more general proposals. Some of these
definitions are even conflicting. However, the following “inclusive”
definition of Hogan et. al. [16] has recently received much more at-
tention:

“ a knowledge graph as a graph of data
intended to accumulate and convey knowl-
edge of the real world, whose nodes rep-
resent entities of interest and whose edges
represent relations between these entities

”
In this definition, knowledge refers to “something that is known” in
a particular domain [16]. Such knowledge can be also accumulated
from external sources (i.e., harvesting), or extracted from the KG
itself (i.e., inference). A similar definition for KGs is also presented
by Weikum et. al. in [7]. More precisely, they first defined the phrase
“Knowledge Bases (KBs)” as “collections of machine-readable facts
about the real world ” and then mentioned that “ large-scale KBs” are
also known as KGs. Following [7, 16], we define KGs for the purpose
of this research as:

large-scale collections of information to represent
real-world entities and their interconnections

In addition, Table 2.1 outlines various other definitions of the term
“Knowledge Graph” over time (in computer science).
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KGs typically take a pragmatic approach by representing the
central entities that match their domain, scope, and purpose. For in-
stance, a KG on writers and their biographies may include Fernando
Pessoa and one of his notable works The Book of Disquiet, but it
may not include the book content like its aphoristic paragraphs. In
contrast, a domain-specific KG that is particularly created for litera-
ture scholars (to analyze character relationships in literature content)
may include all characters from Pessoa’s works. A comprehensive
KG that is constructed for libraries is more likely to include pub-
lishers’ information, prices, distribution networks, notable awards,
comments from experts, readers’ ratings as well as many other items
which are not directly relevant to the above-mentioned KG of literary
scholars. Similarly, a scientific KG of drugs would include different
types of drugs and their side effects, but perhaps not case histories
of individuals. However, a KG that is constructed for personalized
medicine is more likely to include data items related to individual
patients, drugs prescribed, their clinical trials, diagnoses, treatments,
and outcomes. Please note that each KG can also be enhanced with
the representation of a schema (sometimes referred to as ontologies)
to explicitly define the meaning of high-level terms (sometimes re-
ferred to as vocabulary or terminology) used in the KG (more details
can be found inSection 2.2.1).

After covering the definitions and the pragmatic approach of KGs
to represent real-world entities and their interconnections, we now
provide some background information on the history of KG in the
next section.
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Source Year Definition

Marchi
and
Miquel [68]

1974 “A mathematical structure with vertices as
knowledge units connected by edges that
represent the prerequisite relation”

Vries [69] 1989 “A directed graph that distinguishes three
types of asserted relationships: (1) an ob-
ject has a certain property, (2) an object is
an instance of another object, (3) a change
in a property of an object leads to a change
in another property of that object”

James [70] 1992 “A knowledge graph is a kind of seman-
tic network. . . One of the essential differ-
ences between knowledge graphs and se-
mantic networks is the explicit choice of
only a few types of relations”

Zhang [71] 2002 “A new method of knowledge representa-
tion, [which] belongs to the category of se-
mantic networks. In principle, the com-
position of a knowledge graph is including
concept (tokens and types) and relationship
(binary and multivariate relation)”

Popping [72] 2003 “A particular kind of semantic network”

Singhal [10] 2012 “A graph that understands real-world enti-
ties and their relationships to one another:
things, not strings”

Ehrlinger
and
Wöß [20]

2016 “A knowledge graph acquires and integrates
information into an ontology and applies a
reasoner to derive new knowledge”

Krötzsch
and
Weikum [73]

2016 “Knowledge graphs are large networks of en-
tities, their semantic types, properties, and
relationships between entities”

Table 2.1: Selected definitions of KG (source: [74])
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2.1.2 Historical Overview

As discussed in [7], the concept of comprehensive KGs containing
real world’s entities and their relationships goes back to pioneer-
ing works in AI such as constructing universal knowledge bases in
the 1980s and 1990s, with Cyc [75] and WordNet [76], being two of
the most notable examples. These and other early KGs have typi-
cally been created manually and were somehow limited in scope and
scale. However, since the very beginning of the 2000s, the Semantic
Web and the knowledge harvesting from the Web and other sources
(like text documents) have become principal research avenues with a
broad range of substantial practical impacts on the automatic con-
struction of large-scale KGs enabling us to go beyond the earlier
generation of KGs like the WordNet or Cyc.

The list of most notable projects for constructing large-scale
KGs includes: Wikidata, Freebase, BabelNet, DBpedia, KnowItAll,
WikiTaxonomy, WebIsALOD, ConceptNet, Probase, XLore, Knowl-
edgeVault, WebOfConcepts, and YAGO. These KGs contain billions
of entities and hundreds of thousands to hundreds of millions of their
interrelations with new content being added continually. Most, if not
all, of them are primarily rooted in academic research (or commu-
nity) projects. However, the construction and use of KGs were not
limited to academia.

The deployment of KGs has become more prevalent in big or-
ganizations and industries following the introduction of the above-
mentioned KGs. As a result, since early 2012, large-scale KGs have
become a significant asset in a variety of commercial use cases and
applications, including semantic search, data integration, text an-
alytics, and recommendations. Major examples of these enterprise
KGs include the deployment of the Google Knowledge Graph [10],
Microsoft Satori [11], IBM Watson [12], Amazon Product Graph [13,
14] as well as many other domain-specific KGs in business, geogra-
phy, biology, art, finance, life sciences, etc. for a variety of semantic
and other applications. More details on the history of KGs can be
found in [7, 16].
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Figure 2.1: Una Osili’s information in the University of Wiscon-
sin–Madison KG (source: [77])

Having covered the brief history of KGs, we now provide some
background information on some prominent KGs and their applica-
tions in the next section.

2.1.3 Knowledge Graphs in Practice

We have hinted at some of the application use cases of KGs in Sec-
tion 1.2.3. In this section, we continue this discussion. KGs are
utilized in a range of applications. Some of them are discussed be-
low.

2.1.3.1 Galleries, Libraries, Archives, and Museums

Galleries, Libraries, Archives, and Museums (GLAMs) use open KGs
like Wikidata for many different purposes like data integration and
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semantic search. For instance, The University of Wisconsin–Madison
Libraries deployed a KG called “BibCard” for representing authors
and their publications as illustrated in [77]. To construct BibCard,
identifiers of authors are extracted from other KGs such as Wikidata
and DBpedia. BibCard is then used as a basis for semantic search.
An example is shown in Fig. 2.1 (source: [77]) where Wikidata is
used to expand the University of Wisconsin–Madison KG (author’s
biographical data). GLAMs have a high interest in using KGs for
enhancing their catalogs as well as improving their archival and col-
lection discovery.

2.1.3.2 Scholarly Knowledge

Constructing KGs for representing scientific publications, authors,
and research organizations is another important use case. Promi-
nent examples include CiteSeerX1, Semantic Scholar2, AMiner3, and
Scholia4. Using these KGs can assist in the semantic analysis of
scholarly topics, authors’ network detection, citation measurement,
etc. These KGs can be viewed as open alternatives and value-added
extensions to well-known services like Google Scholar and Microsoft
Academic [7].

2.1.3.3 Entity Identification and Science Stories

KGs are widely in use for “entity identification” and “cross-linkage”
between entities. In particular, Wikidata is taking up the central
role for these purposes. Extracting entity identifiers like TwitterID,
VIAF-ID, or GoogleScholarID can assist in interlinking entities of
different datasets. An interesting use case is a recent project at Yale
University called “Science Stories” [78]. In this project, a KG is con-
structed by extracting data from Yale University Library, Wikidata,
and some other sources to identify Yale alumni who are women in

1https://citeseerx.ist.psu.edu/
2https://www.semanticscholar.org/
3https://www.aminer.org/
4https://scholia.toolforge.org/

https://citeseerx.ist.psu.edu/
https://www.semanticscholar.org/
https://www.aminer.org/
https://scholia.toolforge.org/
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the sciences. Based on the constructed KG, this project hopes to
publish a “science story” for each prominent alumna.

2.1.3.4 Biomedicine and Health

Domains like biomedicine and health are specific domains in which
KGs have the potential to play the role of a data hub [79]. KGs can
facilitate the representation of information about diseases, drugs,
proteins, etc. for scientists. KGs’ rich coverage of identifiers can
also help scientists to integrate different datasets (like biomedical
datasets) in a user-friendly manner [7].

2.1.3.5 Checking Credibility

Over the past few decades, the number of online platforms for shar-
ing information has increased. This led to an information explosion,
especially in terms of volume and velocity. A large proportion of
this information can potentially be misinformation (false) or disin-
formation (intentionally false). One of the major research directions
toward fact-checking and false news detection can be assessing the
credibility of information sources using KGs that are constructed by
extracting information from polarized news sources or discussion fo-
rums. Such a research effort is still in its early stages. However,
the major roles that KGs can play in the area of fact-checking are
already recognized [7].

Having covered some application use cases of KGs in practice. In
the next section, we provide some background knowledge on key fac-
tors that enable us to better leverage KGs. Throughout, we present
concrete examples in the context of several hypothetical KGs.

2.1.4 Key Requirements to Unlock the Full Potential
of KGs

The key requirements to unlock the full potential of KGs in response
to the growing deployment include:
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• RDF Data model. It has widely been accepted for repre-
senting the content of KGs.

• SPARQL Query language. It is widely used for querying
the RDF data model.

• RDF Data Management Systems. These are largely in use
for storing RDF data (i.e., the KG content modeled in RDF)
and executing SPARQL queries over them.

As mentioned, RDF as a directed and labeled graph-like structure
is typically used for representing the content of a KG using a large
set of triples of the form <subject predicate object>. The subject is
the entity from which the edge emanated, the predicate is the label
of the edge, and the object is the name of the second entity [51].
RDF has been widely accepted as a standard for representing the
content of KGs. However, while this is necessary, it is not sufficient
since users need to query and use the data in different ways. To meet
this need, SPARQL as an RDF query language was proposed. It is
an SQL-like language in which queries are based on triple patterns.
Triple patterns are similar to RDF triples except that each subject,
predicate, and object may be a variable [31]. A number of data
platforms have accordingly been developed over the last few years
for RDF data management purposes. These platforms, also referred
to as RDF-stores, enable us to store RDF data and execute SPARQL
queries over them. We provide a preliminary background on the RDF
data model, SPARQL query language, and RDF-stores, as well as the
state-of-the-art research in these areas, in the next sections.

2.2 RDF Data Model

As mentioned previously, a KG can represent knowledge of the world
using a set of nodes and edges where each node represents an entity
of interest in a specific domain and the graph edges are to represent
interrelations between these entities [16]. Using RDF, as an agreed-
upon and common data model, enables us to seamlessly share and ex-
change the KG content across different applications. RDF is generic
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and simple enough to express almost any body of information (any
arbitrary data) to provide a canonical representation irrespective of
the knowledge domain of interest [16]. In addition, it is structured
enough for a machine to understand and process its content using
generic and off-the-shelf software packages and technologies [80, 81,
82]. RDF’s foundational elements are discussed below:

2.2.1 Foundational Elements

We provide background information on the foundational elements of
the RDF data model below:

• Characters (Unicode): Almost all data models require some
standard for encoding and manipulating textual information.
For this, the RDF data model largely relies on the well-known
and standard Unicode character-set.

• Entities: This is probably the most fundamental element in
RDF. Weikum et. al. [7] defined an entity as “any abstract
or concrete object of fiction or reality”. This definition easily
includes almost anything in the world such as people (living or
dead), locations, organizations, books, universities, products,
flights, events, poems, songs, athletes, fictional characters (e.g.,
Apollo, Coeus, Chacha Chaudhary and Sabu, etc.) as well as
“abstract” concepts such as empathy and kindness.

• Identifiers (URI/IRI): To unambiguously refer to entities,
we need to use a unique name for each entity. This name has
to refer to only a single entity. For instance, we use iden-
tifiers such as ISBNs for books or DOIs for publications to
distinguish different entities. In RDF, using the Uniform Re-
source Identifier (URI) specification could be a natural choice
since it is already used on the Web to identify documents.
However, a generalization of URIs (by using globally agreed-
upon identifiers) supporting the broader Unicode standard has
been adopted in practice by RDF that is called Internation-
alized Resource Identifier (IRI). An IRI is generally a long



2.2 RDF Data Model 35

1 <http ://ex.com/s1 > <http ://ex.com/p1 > <http ://ex.com/o1 > .

Figure 2.2: Absolute IRIs are used to represent an example triple.

1 PREFIX pre: <http ://ex.com/>
2 pre:s1 pre:p1 pre:o1 .

Figure 2.3: Using prefixed names to represent the same triple
in Fig. 2.2.

string of characters to uniquely denote only one entity. In
practice, IRIs are less likely to be human-readable or even in
a form that is easily interpretable by a human. For exam-
ple, Shakuntala (wife of Dushyanta and mother of Emperor
Bharata) as the protagonist of the famous play The Sign of
Shakuntala, has an unwieldy (but globally unique) identifier
like https://www.wikidata.org/wiki/Q955123 (in the Wikidata
KG). We may prefer to refer to her more easily by labels like
“Shakuntala”, but “Shakuntala” alone could also refer to the
play itself. However, referring to entities using IRIs omits these
ambiguities.

• Prefixes: A prefixed name is a prefix label and a local part,
separated by a colon “:”.5 The ’@prefix’ or ’PREFIX’ directive
associates a prefix label with an IRI. For instance, Fig. 2.2
shows an example triple with all absolute IRIs while Fig. 2.3
shows the same triple represented using prefixed names.

• Serialization (XML/Turtle (N-Triples)/JSON-LD): To
automatically parse RDF content, it is required to use com-
mon and agreed-upon syntaxes with clearly defined grammars
to serialize RDF files (and store them on the disk, etc.). In
practice, RDF serialization syntaxes may be divided into two
main categories: generic syntaxes and custom syntaxes.

5https://www.w3.org/TR/turtle/#prefixed-name

https://www.w3.org/TR/turtle/#prefixed-name
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1 PREFIX rdf: <http :// www.w3.org /1999/02/22 -rdf -syntax -ns#>.
2 PREFIX rdfs: <http :// www.w3.org /2000/01/ rdf -schema#>.
3 PREFIX dbr: <http :// dbpedia.org/resource/>.
4 PREFIX dbo: <http :// dbpedia.org/ontology/>.
5 PREFIX dbp: <http :// dbpedia.org/property/>.
6 dbr:Elon_Musk rdf:type dbo:Person
7 dbr:Elon_Musk dbp:birthDate ‘‘1971-06-28’’
8 dbr:Elon_Musk dbp:birthName ‘‘Elon Reeve Musk ’’
9 dbr:Elon_Musk dbp:ceo dbr:Tesla_Inc

10 dbr:Tesla_Inc rdf:type dbo:Organization
11 dbr:Tesla_Inc dbp:name ‘‘Tesla , Incorporation ’’
12 dbr:Tesla_Inc dbp:date ‘‘2003-07-01’’

Figure 2.4: A subset of RDF triples from DBpedia describing Elon
Musk.

– Generic syntaxes. Using well-known and generic syn-
taxes such as the XML and JavaScript Object Notation
(JSON) (which have been dominant in the typical web
contents) is not uncommon to serialize RDF files. For
instance, JSON-LD is a JSON-based syntax for repre-
senting data in RDF. JSON is largely used as a serializa-
tion format by many Web-based applications. Based on
this, using the JSON-LD syntax allows Web developers to
parse RDF graphs similar to Javascript objects using the
legacy JSON parsing mechanisms available in the script-
ing languages of their choice.

– Custom syntaxes. Custom syntaxes have also been de-
veloped like Terse RDF Triple Language (Turtle) and its
well-known subset N-triples. These custom grammars (es-
pecially N-triples) tend to be more human-readable (or
at least interpretable by a human) than generic syntaxes
like XML [81, 82]. For instance, Fig. 2.4 shows a subset
of RDF triples from DBpedia describing Elon Musk rep-
resented in the Turtle format. This example is also used
in [83].

• Schema (sometimes referred to as Ontologies): A KG
can potentially be enhanced with the representation of a schema.
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1 PREFIX rdf: <http :// www.w3.org /1999/02/22 -rdf -syntax -ns#>.
2 PREFIX rdfs: <http :// www.w3.org /2000/01/ rdf -schema#>.
3 PREFIX dbr: <http :// dbpedia.org/resource/>.
4 PREFIX dbo: <http :// dbpedia.org/ontology/>.
5 PREFIX dbp: <http :// dbpedia.org/property/>.
6 dbr:Elon_Musk rdf:type dbo:Person
7 dbr:Tesla_Inc rdf:type dbo:Organization
8 dbo:Person rdf:type rdfs:Class
9 dbo:Person rdfs:label ‘‘Person ’’

10 dbo:Organization rdf:type rdfs:Class
11 dbo:Organization rdfs:label ‘‘Organization ’’
12 dbp:birthDate rdf:type rdf:Property
13 dbp:birthDate rdfs:label ‘‘birth date ’’
14 dbp:birthDate rdfs:domain dbo:Person
15 dbp:birthDate rdfs:range rdfs:Literal
16 dbp:birthName rdf:type rdf:Property
17 dbp:birthName rdfs:label ‘‘birth name ’’
18 dbp:birthName rdfs:domain dbo:Person
19 dbp:birthName rdfs:range rdfs:Literal
20 dbp:name rdf:type rdf:Property
21 dbp:name rdfs:label ‘‘name ’’
22 dbp:name rdfs:domain dbo:Organization
23 dbp:name rdfs:range rdfs:Literal
24 dbp:date rdf:type rdf:Property
25 dbp:date rdfs:domain dbo:Organization
26 dbp:date rdfs:range rdfs:Literal

Figure 2.5: The RDF schema information corresponding to the RDF
triples in Fig. 2.4.

This optional schema may be embedded in RDF, or layered
above it using prominent standards like RDF Schema (RDFS).
A schema typically defines classes and properties used in the
KG. Using a semantic schema potentially enables us to ex-
plicitly define the meaning of high-level terms (sometimes re-
ferred to as vocabulary or terminology) used in a KG. For
instance, Fig. 2.5 shows the RDF schema information corre-
sponding to the RDF triples in Fig. 2.4 using the Turtle format.
This example is also used in [83]. In short, using a semantic
schema can enable us to explicitly define the meaning of high-
level terms used in the KG. However, as mentioned above, using
a semantic schema is optional. The most important benefit of
modelling KGs using the RDF data model (versus, for exam-
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ple, the relational model) is perhaps the option to totally forgo
(or postpone) the definition of a rigid semantic schema [16].

• Querying: We ultimately need to process KG content by exe-
cuting queries over its RDF representation. This enables us to
retrieve desired information by explicitly specifying conjunctive
conditions and query patterns. The well-known and common
standard for querying RDF data is SPARQL6 which provides a
“mature” and “feature-rich” language for querying KG content
represented in conformity with the RDF data model.

We have provided background information on the foundational
elements of the RDF data model above. We present a walkthrough of
the main design principles and features of RDF in the next section.

2.2.2 Design Principles

Although RDF was initially proposed by the W3C as a standard for
modeling Web entities on the Semantic Web, its use is now wider
than the Semantic Web. It can be used for representing almost any
body of information [26, 84]. In this section, we provide a walk-
through of the design principles and the features of RDF. We focus
on core concepts that are important for further reading of this re-
search.

2.2.2.1 Triples

In RDF, each entity can be simply described in terms of its associated
predicates (also referred to as properties, attributes, or relations) and
values. Based on this, each RDF dataset can be viewed as a collection
of statements about entities and their interrelations, called triples,
of the form <s,p,o> where s is a subject, p is a predicate, and o is
an object [16, 17, 18, 19, 20, 21, 22]. In RDF triples, subjects and
objects denote the entities and relationships between them are repre-
sented as predicates. In each triple, the subject is the identifier of an
entity, the object is the value for the predicate (the predicate itself

6https://www.w3.org/TR/sparql11-query/

https://www.w3.org/TR/sparql11-query/
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is an identifier to be distinguished unambiguously) of the described
entity. The object of a triple can be also the subject of another triple
and vice versa. In this case, an identifier is typically used to refer
to the object as well. Each RDF dataset can have an isomorphic
representation in the form of a graph, where different entities are
nodes in the graph, and relationships between them are represented
as labeled edges. There is one triple corresponding to each edge in
the RDF graph. A single RDF triple is generally the minimum (and
atomic) unit of information in the RDF data model [23].

2.2.2.2 Basic Terms

In principle, each element of an RDF triple (i.e., subject, predicate,
or object) belongs to one of the following RDF terms:

• IRIs: We have already mentioned in Section 2.2.1 that IRIs
serve as global identifiers (preferably Web-scope or at least
KG-scope) to refer to entities unambiguously. For example,
https://dbpedia.org/page/Jupiter is used to identify Jupiter7

(the fifth planet from the Sun and the largest in the Solar Sys-
tem) in DBpedia, i.e., an online KG extracted from Wikipedia
content. If we use N-Triples to serialize RDF triples, IRIs
should be enclosed in angle-brackets “<” and “>” similar to
the following example: <https://dbpedia.org/page/Jupiter>.
Using the N-triples syntax, we need to repeat writing this IRI
n times if we need to refer to Jupiter n times. If we use the N-
Triples serialization format to store a KG dataset in a file, each
individual line of the file should contain all necessary informa-
tion to parse the triple on that line independent of the rest of
the document. This is perhaps the reason behind the popu-
larity of N-triples for a broad range of applications, including
RDF stream processing and fault-tolerant line-at-a-time pro-
cessing [81, 82].

• Literals: Literals are a set of lexical values such as strings,
dates, and numbers. In principle, anything can be represented

7https://dbpedia.org/page/Jupiter

https://dbpedia.org/page/Jupiter
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by a literal [80]. Literals can either be plain literal or typed
literal.

– Plain literal: It is typically a plain string with an op-
tionally additional language tag such as “Ciao bella”8, po-
tentially with an associated language tag such as “Ciao
bella”@it.

– Typed literal: It comprises a lexical string and a datatype,
such as “16”^^xsd:int. More specifically, it is a string
combined with a datatype URI. For example, to refer to
a specific date the following typed literal can be used:
“2021-01-01”^^xsd:date in which “xsd:date” is a datatype
URI. Typically, simple datatypes are used in RDF triples
such as numerics, date-time, and booleans. These datatypes
also determine which plain strings are valid for that datatype.
For example, "pi"^^xsd:int is invalid since “pi” is not an
integer. In the RDF serialization syntaxes such as Turtle
(or N-Triples), numbers and boolean values can be used
without using quotes as delimiters. Plain literals without
using the optional language tags can be mapped to their
identical typed literals by combining them with the string
datatype URI (i.e., “xsd:string”).

• Blank nodes (BNodes): These are defined as variables to
refer to the existence of some entities without using any spe-
cific IRIs or literals. Blank nodes are sometimes referred to
as anonymous entities [80]. In practice, blank nodes serve
as locally-scoped identifiers for anonymous entities. In other
words, blank nodes cannot be referenced outside of their origi-
nating KG. Blank nodes are thus only significant within a local
scope. A blank node can be explicitly denoted using an under-
score prefix like "_:" in many RDF serialization formats such
as Turtle and N-Triples.

8An informal Italian expression literally meaning: “goodbye/hello beautiful”
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Figure 2.6: An example KG informally modeled in RDF to represent
companies offering flights between two cities (based on an example
from [16])

Figure 2.7: The KG in Fig. 2.6 is modeled in a property graph (based
on an example from [16])

• Named graphs: Each “named graph” can be viewed as a
subset of a KG. More specifically, each KG may hold multiple
subgraphs and “name” each graph so as to allow an application
to execute a query either over the entire KG as a whole or
over specific subgraphs as subsets of it. Each named graph is
typically identified by an IRI.

We have already mentioned that it is not uncommon to concep-
tualize RDF datasets as directed labeled graphs, where each subject
and object is drawn as a labeled node and predicates are drawn as
directed, labeled edges. RDF is a standardized data model based
on this directed edge-labeled graph-like structure. The use of other
graph-structured data models like property graphs is also feasible to
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represent KG content whereby additional information can be as-
signed to the graph edges or nodes in the form of a set of “property-
value pairs”, also known as “attributes” [15]. For instance, Fig. 2.6
shows an example KG informally modeled in RDF to represent com-
panies offering flights between “City1” and “City2” [16]. The same
KG can be modeled in a property graph as shown in Fig. 2.7. Using
alternative data models like property graphs can provide additional
flexibility as compared to the RDF data model. However, RDF has
been argued to offer a more “minimal ” data model [15]. As a re-
sult, it has widely been accepted as a standard for representing the
content of KGs.

Thus far, we have covered the core features of RDF. At the out-
set of this chapter, we also provided background information on KGs
and highlighted the foundational elements and major design princi-
ples of the RDF data model to represent KGs content. We provide
background information on the concept of structuredness in the next
section.

2.2.3 RDF Structuredness

We have provided background knowledge on the concept of struc-
turedness in Section 1.3.1. The way in which we can compute the
structuredness of an RDF data is presented in [50] as follows: the
first step for computing the structuredness of an RDF dataset is the
determination of the type system of a dataset. Conceivably, one
might infer the type system T of a dataset D intensionally, through
an RDFS specification associated with D. In practice, however, many
datasets do not come with such specifications. As discussed in [46,
80], RDF triples in the “wild ” tend not to conform to ontologies.
To address the fact that often there is no schema (sometimes re-
ferred to as ontology information) available in datasets to apply an
intensional approach, we need to determine the type system T of D
extensionally through the dataset itself, and thus we do not need
any schema-level information. Specifically, we can scan D looking
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for triples whose predicate is <http://www.w3.org/1999/02/22-rdf-
syntax-ns#type>, and for these triples, we need to extract the type
T that appears as the object of the triple. We then determine the
predicates of a type T through the union of all the predicates that the
instances of type T have. We need to count the number of entities
for which predicate p has its value set in the instances. The struc-
turedness of T is affected by the sparsity (presence) of its predicates
across instances. The structuredness of each type is computed based
on the instances of the type that set a value for all its predicates
(see Section 1.3.1). The structuredness of the whole RDF dataset is
finally computed using a weighted average of the structuredness of
all types.

Any RDF dataset’s level of structuredness can be quantified by
a normalized value in the [0, 1] interval, with values close to 0 corre-
sponding to low structuredness, and 1 corresponding to high struc-
turedness. In an RDF dataset with high structuredness, we expect
that for any two instances of the same type, the instances have ex-
actly the same predicates.

Having covered background information on KGs as well as the
core features of the RDF data model. We provide background infor-
mation on SPARQL (SPARQL Protocol and RDF Query Language)
which is a semantic query language for retrieving and manipulating
data from RDF in the next section.

2.3 SPARQL Query Language

SPARQL is designed specifically for RDF data. In 2008, its original
specification became a W3C recommendation. An extension of the
original SPARQL became a W3C recommendation in 2013. In this
section, we focus on the core features of this standard.

2.3.1 Syntax

SPARQL is a SQL-like (i.e., the Structured Query Language used
for querying relational databases) query language using very similar
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keywords for processing RDF data but the SPARQL syntax is closely
tied with the RDF-specific syntax. On a high level, each SPARQL
query can consist of up to five main parts as follows: Prefix Decla-
rations, Dataset Clause, Result Clause, Query Clause, and Solution
Modifiers. These parts are explained below:

• Prefix Declarations: To define URI prefixes (similar to Tur-
tle’s @prefix directive) in order to use shortcuts later in the
query. More information can be found in Section 2.2.1.

• Dataset Clause: To specify the targeted part of the RDF
dataset over which the query is going to be executed.

• Result Clause: To specify what type of SPARQL query (i.e.,
SELECT, ASK, CONSTRUCT, or DESCRIBE) is being ex-
ecuted, and (if applicable) what results will be returned af-
ter the execution. Please note that we only focus on the SE-
LECT query type in this research. This query type is to extract
matched (RDF) graph patterns specified by the input SPARQL
query.

• Query Clause: To specify the query patterns, conjunctions,
disjunctions, and optional patterns that are matched against
the data for generating variable bindings. More details can be
found in Section 2.3.2.

• Solution Modifiers: To specify any modification of a query’s
results. More specifically, using solution modifiers allows us
to apply classical operators such as ORDER BY (ordering
the result), LIMIT (defining the desired maximum number for
results), DISTINCT (removing all duplicates in the result if
any), REDUCED (eliminating some duplicate results), OFF-
SET (skipping the position in the overall sequence of results),
PROJECT (choosing desired variables to be part of the result
set).
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1 #Prefix Declarations
2 PREFIX dbp: <http :// dbpedia.org/property/>
3 PREFIX dbr: <http :// dbpedia.org/resource/>
4 PREFIX foaf: <http :// xmlns.com/foaf /0.1/ >
5 PREFIX dbo: <http :// dbpedia.org/ontology/>
6 #Result Clause
7 SELECT ?fullName ?birthDate
8 #Dataset Clause
9 FROM <http :// dbpedia.org >

10 #Query Clause
11 WHERE {
12 ?person foaf:name ?fullName .
13 ?person dbp:birthPlace dbr:Wollongong .
14 ?person rdf:type dbo:Swimmer .
15 ?person dbo:birthDate ?birthDate .
16 }
17 #Solution Modifiers
18 LIMIT 2

Figure 2.8: An example SPARQL query

Fig. 2.8 presents an example of a SPARQL query containing each
of the above five parts. Comment lines are prefixed with the char-
acter “#”. The shortcuts of IRIs’ prefixes are defined by using the
“PREFIX ” directive at the beginning of the query to be used later
in the Query Clause part. The Dataset Clause selects the targeted
parts of the KG over which the query should be run. In this example,
the targeted part is defined using the Dataset Clause. As specified
in the Result Clause, this query looks for swimmers whose birth-
place is Wollongong. The Result Clause explicitly states what data
items should be returned for the query (i.e., only full name and birth
dates). The Query Clause is to define the desired patterns that the
query should match against. The desired place of birth (i.e., Wollon-
gong) is stated in this part of the query. As specified by the Solution
Modifier (LIMIT 2), the number of returned results is limited to 2.
Thus, if the matching patterns for the Query Clause are found from
the DBpedia KG, 2 matching patterns will be returned as the result
of the query. For instance, the expected result would be:



46 Chapter 2: Background and Review of the Related Literature

fullName | bithDate

--------------------------|-------------

‘‘Emma McKeon’’@en | 1994-05-24

‘‘Beverley Whitfield’’@en | 1954-06-15

where the header indicates the variables (i.e., fullName and bithDate)
for which the respective results are returned, based on the Result
Clause of the query (or more precisely based on the given SELECT
clause).

We have provided an overview of the different parts of a query in
the foregoing. In the next section, we focus on the SPARQL query
clauses which will be used in later chapters of this thesis.

2.3.2 Query Clause

The SPARQL query clause is indicated by using the keyword “WHERE ”
surrounded by braces like “{” and “}” (i.e., the opening and closing
braces). The SPARQL query clause would be simply referred to as
the WHERE clause as well. This clause specifies the query patterns
and other criteria that query variables must match to be returned.
In its typical form, a WHERE clause contains one or multiple triple
patterns. Any given triple pattern should contain three elements as
the subject, predicate, and object of the pattern. Each of these ele-
ments might be a variable. For instance, the WHERE clause of the
example SPARQL query shown in Fig. 2.8 contains four triple pat-
terns in which “?person dbo:birthDate ?birthDate” is a triple
pattern whose subject and object are variables. Triple patterns need
to be executed against the underlying KG to retrieve the result. A
basic graph pattern can comprise multiple triple patterns, consid-
ered as conjunction. The term Basic Graph Pattern (BGP) is used
to refer to each conjunctive set of triple patterns. Based on this, the
query shown in Fig. 2.8 contains only one BGP. A BGP query is very
similar to a “SQL inner-join query” [85].

In a given SPARQL query, a BGP is generally identified by a
conjunctive set of triple patterns surrounded by the opening and
closing braces “{” and “}”. BGPs can play the role of building blocks
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to formulate more complex queries in various ways. There are other
features that can be used along with BGPs to create complex query
patterns such as GRAPH, UNION, OPTIONAL, and FILTER. These
are explained below:

• GRAPH: As already mentioned (see Section 2.2.2.2), each
KG may hold multiple subgraphs and name each graph so as
to allow an application to execute a query either over the entire
KG as a whole or over specific subgraphs as subsets of it. Each
named graph is typically identified by an IRI. When used with
an IRI, the keyword “GRAPH ” specifies the subset of KG (i.e.,
the named graph from the KG) against which a BGP should
be evaluated (matched). When a BGP is surrounded by the
GRAPH clause, it will not be matched against the whole KG.
It will be matched only against the specified named graphs.

• UNION: It specifies a disjunction of query patterns that the
query should match to return the result, i.e., matching on one
of several alternative graph patterns. The result of the query
is the disjunction (the union) of all the matchings generated
for each query pattern.

• OPTIONAL: It specifies optional patterns that a query should
try to match. As mentioned above, if we consider that a BGP
query is very similar to an “SQL inner-join” query, we can con-
sider that a query containing the OPTIONAL pattern is very
similar to an “SQL left-outer-join” query [85].

• FILTER: It can be used to specify a broad range of constraints
and conditions that a query result should satisfy to be returned.
Conditions can be combined by BGPs to create far more com-
plex query patterns. The result of a query can be viewed as an
input that some conditions might be used to filter this input
(based on the specified conditions) to return the final result
to the user. Conditions can comprise various operators and
functions as explained below:



48 Chapter 2: Background and Review of the Related Literature

– Operators. A filter expression can contain several op-
erators, including equality and inequality operators. Less
than or greater than operators can be used for range fil-
tering in queries.

– Built-in Functions. These functions can be used to
check whether an RDF element is an IRI, blank node,
or literal (or even unbound). Regular expression func-
tions can also be used as well as text parsing functions
for literals, e.g., to test the additional language tags of
a literal. Datatype URIs can also be checked using the
built-in functions.

– Casting Operations. When any conversion between dif-
ferent types of datatype literals is needed, we use casting
operators. Converting URIs to a string is also allowed.

– Boolean Connectives. Filter expressions can be com-
bined using Boolean connectives, including binary and
unary connectives such as conjunction (“&&”), disjunc-
tion (“||”), and negation (“!”).

– User-defined Functions. It refers to custom built-in
functions that might be defined by RDF data manage-
ment systems (if existing SPARQL filtering functions do
not fully satisfy their requirements).

We have provided an overview of the different parts of a query
in this section. We have also presented the core specifications of the
SPARQL query clauses. The results of a specific query can then be
further modified through result modifiers before being returned. In
the next section, we discuss the result modifiers such as sorting.

2.3.3 Result Modifiers

To post-process results generated from the query clause, we can use
the result modifiers. The following modifiers can be used in SPARQL:
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• ORDER BY. No default ordering is specified for returning
results in SPARQL query processing. In other words, the de-
fault ordering is non-deterministic. However, if we use the
ORDER BY clause, the ascending sorting will be performed
by default but the optional keywords: “ASC ” and “DESC ” can
be used to specify whether the sorting should be in ascending
or descending order.

• LIMIT. The LIMIT clause can be used to define the desired
maximum number of results. This clause allows us to specify a
non-negative integer n, where n defines the maximum number
of results to be returned.

• OFFSET. The OFFSET clause can be used for skipping the
positions in the overall sequence of results. By defining a non-
negative integer n for this clause, we can skip over the first
n results. As mentioned above, no order is specified by de-
fault for returning results in SPARQL query processing. Thus,
default ordering can be non-deterministic. As a result, using
the OFFSET clause is only useful in combination with the OR-
DER BY clause. In brief, the combination of OFFSET, LIMIT
and ORDER BY clauses allows for a form of “pagination” of
results [81, 82].

Thus far, we have provided background information on core fea-
tures of SPARQL including the above-mentioned modifiers (that can
be applied directly to any SELECT query for post-processing of the
results). Having discussed these topics, we proceed to present back-
ground information about the KG query types in the next section.

2.4 Knowledge Graph Query Types

In this section, we present background information about the KG
query types. As already mentioned, we can use an RDF graph to
represent the content of a KG about the Opera House (see Fig. 1.1).
We use this KG as our running example to present KG query types
in this section.
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When we have a KG represented in RDF at hand, we can use
SPARQL to execute different queries over it. Similar to an RDF
graph, each SPARQL query can also be viewed as a directed graph
where nodes are formed by the subjects and objects of the query’s
triple patterns and edges are the predicates of these patterns [80].
Variables of a query can also be viewed as nodes or edges. Based on
this graph representation, each SPARQL query can further be classi-
fied into shape-specific categories. In this research, we use the label
“KG query types” to refer to the common shape-specific categories
of SPARQL queries. In practice, there are five KG query types as
follows:

• Single Triple Pattern

• Star-shaped queries (aka, subject-subject joins)

• Chain-like queries (aka, subject-object, path, or linear joins)

• Tree-like queries (aka, snowflake-shaped queries)

• Optional joins (aka, left-outer-join or OPT clauses).

Please note that a widely accepted typology of KG queries is yet
to emerge. At this stage query types such as subject-subject, subject-
object, tree-like, and optional queries have been analyzed in previous
research like [19, 26]. The importance of optional queries has been
highlighted in [85]. In the next sections, we provide information
about the above-mentioned query types using the Opera House KG.
Please note that we express queries informally in pseudocode.

2.4.1 Single Triple Pattern

We start with a simple query containing only one triple pattern. An
example of this type of query is given below. Please note that we
informally expressed queries of this chapter in pseudocode to increase
their readability.
This query asks for the subject “OperaHouse’s” architectural style
name. “?styleName” is a variable to return the associated value as the
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1 SELECT ?styleName
2 WHERE {
3 OperaHouse style ?styleName .
4 }

result (i.e., “expressionist”). This query has only one triple pattern
but KG queries typically contain more than one (see Section 2.3.2).
In this case, the result of each triple pattern needs to be joined
with the results of other triple patterns to return the final resultset.
Different types of joins are explained in the following.

2.4.2 Star-shaped Queries (Subject-subject Joins)

A subject-subject join is performed when a KG query has at least
two triple patterns such that the predicate and object of each triple
pattern is a given value (or a variable), but the subjects of both triple
patterns are replaced by the same variable [19, 26]. A star-shaped
query is given below:

1 SELECT ?x
2 WHERE {
3 ?x style "expressionist" .
4 ?x located_in "Sydney" .
5 }

This query looks for all subjects of the KG in Fig. 1.1 that are
located in “Sydney” and their style is “expressionist”. Its result will
be “OperaHouse”.

2.4.3 Chain-like Queries (Subject-object Joins)

A subject-object join is performed when a KG query has at least
two triple patterns such that the subject of one of the triple patterns
and the object of the other triple pattern are replaced by the same
variable [19, 26]. A chain-like query is given below:
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1 SELECT ?y
2 WHERE {
3 ?x located_in "Australia" .
4 ?y located_in ?x .
5 }

The above query looks for all subjects that are located within
Australian cities. This query will return the following result: “Oper-
aHouse”.

2.4.4 Tree-like Queries

Queries belonging to this type consist of a combination of subject-
subject and subject-object joins [19]. An example is given below:

1 SELECT ?y
2 WHERE {
3 ?x opening_date ?y .
4 ?x located_in ?z .
5 ?z instance_of "capital" .
6 ?z instance_of "metropolis" .
7 }

This query requires a tree-like join to look for the opening date
of “OperaHouse” (the result will be “20 Oct. 1973”). In this example,
two subject-subject joins and one subject-object join are combined.

2.4.5 Optional Joins

Queries return resultsets only when the entire query pattern matches
the content of the KG. However, optional joins allow KG queries
to return a resultset even if the optional part of the query is not
matched since completeness and adherence of KGs’ content to their
formal ontology specification is not enforced [85]. For example, the
following query uses optional join (in addition to a subject-subject
join) to return “OperaHouse” as one of Sydney’s tourist attractions.
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1 SELECT ?x
2 WHERE {
3 ?x instance_of "tourist attraction" .
4 ?x located_in "Sydney" .
5 OPTIONAL {?x instance_of "zoo" .}
6 }

Recall that a query containing the OPTIONAL pattern is very sim-
ilar to an “SQL left-outer-join” query [85].

Thus far, we have covered the KG query types. At the outset of
this chapter, we also provided background information on KGs and
highlighted the foundational elements and major design principles
of the RDF data model to represent KGs content. We have also
provided background information on SPARQL which is a semantic
query language for retrieving and manipulating data from RDF. In
the next section, we provide an overview of major RDF data man-
agement systems and highlight the main approaches as well as the
recent research efforts in this area.

2.5 RDF Data Management Systems

2.5.1 Overview

The ever-growing use of KGs calls for the efficient processing of
queries over them. A number of data platforms have accordingly
been developed over the last few decades for RDF data management
purposes. These platforms that are also known as RDF-stores can
store RDF data and execute SPARQL queries over them.

In this section, we provide an overview of major state-of-the-
art RDF-stores. Previous studies have categorized RDF-stores in
different ways. In this section, we include the common categories and
review the common approaches of each category. It would highlight
the main characteristics of the different approaches that belonged to
each category.
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2.5.2 Classification of Centralized RDF-stores

We start with studies like [18, 86] that categorized RDF-stores into:
“non-native RDF-stores” and “native RDF-stores”. These catego-
rizes are defined as follows:

• Non-native RDF-stores. These are defined as solutions
that make use of existing database systems like the relational
database systems for storing RDF datasets and executing queries
over them.

• Native RDF-stores. In contrast, these are defined as ap-
proaches that are not using existing database systems to store
RDF data. These approaches implement their own storage
strategies specific to the RDF data model and extensively use
different indexing techniques to efficiently execute queries.

Non-native RDF-stores are built on top of existing systems (rela-
tional, document-store, etc.) for storing RDF data. In contrast, na-
tive RDF-stores are customized systems for the storage and retrieval
of triples and are built from scratch. Previous research such as [80,
87] has argued that the structure of RDF data is the most important
point to be considered for effectively storing RDF data and optimiz-
ing SPARQL query processing. Based on this, they have suggested
the following two classes for categorizing RDF-stores: “structure-
aware RDF-stores” and “non-structure-aware RDF-stores”. These
classes are defined as follows:

• Structure-aware RDF-stores. These are defined as solu-
tions that leverage “structure information” derived from an in-
put RDF data (like the set of correlated predicates) to store
it and then use this information for the efficiency of their
SPARQL query optimization.

• Non-structure-aware RDF-stores. In contrast, these are
defined as approaches that do not exploit any structure in-
formation on the input RDF datasets for storing the data or
executing queries against it.
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As mentioned above, [80, 87] advocated that understanding the
structure of RDF data plays a crucial role in classifying existing
RDF-stores. Others have argued (such as [23, 88]) that RDF-stores
are better to be classified based on their choice of physical design.
Accordingly, they categorized existing RDF-stores into the following
classes: “systems with workload-aware physical layout” and “systems
with workload-oblivious physical layout”. These classes are defined as
follows [23, 88]:

• Workload-aware RDF-stores. These are defined as solu-
tions that utilize “workload-driven techniques” for computing
their physical layouts based on information in users’ queries
(workload). In this class, RDF-stores’ physical designs are not
“fixed ” and would be updated (or adapted) as the incoming
workload changes.

• Workload-oblivious RDF-stores. In contrast, workload-
oblivious RDF-stores rely on designs with fixed physical repre-
sentation without dynamically updating their physical repre-
sentation or switching to a better one at runtime as the work-
load changes.

Table 2.2 outlines various classifications of RDF-stores (along
with their respective definitions) that were discussed in this section.
Having covered this, we now review state-of-the-art RDF-stores in
the next sections. In our review, we follow [18, 86] and divide ma-
jor existing RDF-stores into two classes: centralized non-native and
native RDF-stores. We also highlight some common distributed ap-
proaches in the context of RDF data management systems.
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Source Classes & Definitions

[18, 86]

• Non-native RDF-stores. Solutions that make
use of existing database systems like the relational
database systems for storing RDF datasets and exe-
cuting queries over them.
• Native RDF-stores. In contrast, these ap-

proaches implement their own storage strategies spe-
cific to the RDF data model and extensively use
different indexing techniques to efficiently execute
queries.

[80, 87]

• Structure-aware RDF-stores. Solutions that
leverage “structure information” derived from an in-
put RDF data (like the set of correlated predicates)
to store it and then use this information for the effi-
ciency of their SPARQL query optimization.
• Non-structure-aware RDF-stores. In contrast,
these are approaches that do not exploit any structure
information on the input RDF datasets for storing the
data or executing queries against it.

[23, 88]

• Workload-aware RDF-stores. Solutions that
utilize “workload-driven techniques” for computing
their physical layouts based on information in users’
queries (workload). It is mentioned that RDF-stores
whose physical designs are not “fix ” and would be up-
dated (or adapted) as the incoming workload change,
are belong to this class.
• Workload-oblivious RDF-stores. In contrast,
these rely on designs with fixed physical represen-
tation without dynamically updating their physical
representation or switching to a better one at run-
time as the workload changes.

Table 2.2: Various classifications of RDF-stores
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2.5.3 Major Non-native RDF-stores

2.5.3.1 Overview

A non-native RDF-store is typically built on top of an existing Data
Management Systems (DMS) (e.g., relational, document-store, etc.)
for storing RDF data like [46, 48, 89, 90]. In practice, most of these
systems make use of relational systems to store RDF data. This al-
lows them to widely apply techniques of storing and indexing data
originally developed for relational systems to the RDF data model
(with some potential specialization if needed). It is very common for
relational-based non-native RDF-store to translate SPARQL queries
to SQL and then execute them. Leveraging similarities between
SPARQL and SQL makes this translation feasible in most cases. In
practice, most, if not all, major publicly-accessible relational-based
non-native RDF-stores employ the mapping of RDF datasets into
relational tables following one of the following ways:

• Statement Table. This approach is a “straightforward ” way
to store RDF triples by maintaining the input RDF data as
a “ linearized list of triples” [91]. This approach stores RDF
triples as ternary tuples. In other words, all triples are stored
into a triple table with three attributes as follows: subject,
predicate, and object. These attributes correspond to the three
elements of each RDF triple. This approach is referred to as a
“generic approach” in [35] and as the “triple stores” approach
in [81, 92]. It is not even uncommon to refer to it as the single
giant table approach. An additional attribute column can also
be added to store the named graph (see Section 2.2.2.2) that
contains triples.

• Property Tables. In general, using a single giant statement
table to store RDF triples can introduce a number of disadvan-
tages, especially when it comes to the query evaluation pro-
cess. For instance, the need for a large number of self-joins
is inevitable to evaluating many queries. This can negatively
affect queries’ execution times. Employing the property tables
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approach is proposed to alleviate this problem [39, 91, 93]. In
particular, the core idea behind this approach is to group triples
by predicate names and store all triples with the same predicate
name in a separate table. This approach can be implemented
within a column-store as discussed in [90]. This approach is
referred to as “vertical partitioning” in [81, 92], as “group-by-
predicates” in [88], and as “schema-specific” solutions based on
a number of property tables in [94].

• Cluster-property Tables. As discussed in [95], the property
tables approach still can suffer from an excessive number of
joins between tables in many cases. To address this, cluster-
property tables is proposed [96]. This approach instead of em-
ploying a large number of tables for storing triples based on
their predicate names, groups triples into classes based on the
occurrence of sets of predicates in the dataset. The classes
are typically defined by clustering algorithms (and sometimes
application experts).

Relational-based non-native RDF-stores attempt to derive struc-
tural information from input RDF datasets to store them (and then
execute queries over them). To this end, RDF-stores typically follow
one of the above-mentioned approaches.

Given the success of NoSQL systems in many domains (like cache
management in large-scale web-based applications) in recent years,
a limited number of academics publications has attempted to de-
velop NoSQL-based RDF-stores such as [97, 98, 99, 100, 101]. These
are mainly designed for cloud-based distributed use cases [102]. To
the best of our knowledge, no major centralized NoSQL-based RDF-
store is widely in use at this time. Some academic prototypes such
as [103] have shown the efficacy of document-stores in similar con-
texts. However, we focus primarily on some of the major non-native
RDF-stores that are widely in use.
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Figure 2.9: The logical database design of 3store [38]

2.5.3.2 Statement Table-based

3store [38] is an example of a non-native RDF-store. This follows
the statement table approach and stores the RDF triples into a sin-
gle relational table. The logical database design of 3store is shown
in Fig. 2.9. This shows that 3store uses three extra tables to store
hash values. It also added 3 columns to store flags to indicate
whether the object of a triple is a literal or a URI. 3store stores
a hash of the elements of each triple (i.e., URIs and literal values)
into the statement table to minimize the storage space needed. This
also allows it to ensure that all rows in the table have the same size on
the disk. Since 3store used the same hashing function for both URIs
and literals, the statement table needs to contain flags to indicate
whether the object of a triple is a literal or a URI.

4store [104] has proposed another relational-based system in which
RDF is stored as quads (i.e., subject, predicate, object, and model).
Employing the additional attribute “model ” allows 4store to sup-
port named graphs (see Section 2.2.2.2) while querying datasets. If
a query needs to be executed over the whole RDF dataset, 4store
can ignore this attribute. The use of the “model” attribute is not
limited to representing the named graphs. In general, the semantic
information from RDF data can be exploited so that additional data
can be annotated per triple and stored as a fourth element (i.e., the
model attribute) for each input triple.

Virtuoso [105] is another relational-based system that uses a
single table and stores RDF data as quads (i.e., subject, predi-
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cate, object, and graph). Similar to 4store, employing the addi-
tional attribute “graph” allows Virtuoso to support named graphs
(see Section 2.2.2.2). Although Virtuoso is a relational-based sys-
tem, it is sometimes referred to as “Virtuoso native RDF-store” [80].
More specifically, Virtuoso can be viewed as a traditional relational
database with enhanced RDF support [91] since its RDF support is
indeed implemented and stored entirely within the Virtuoso’s SQL
database system [80].

RDFMATCH [106] has been proposed by Oracle as an “SQL-
based table function” to execute queries over RDF data. In this
work, RDF triples are typically stored in a single table using the
Oracle conventional relational DMS. Traditional SQL queries can be
executed over them. In addition, RDFMATCH is a function that
can be integrated with each SQL query to query RDF triples. This
function supports a SPARQL-like syntax.

2.5.3.3 Property Tables-based

Jena [107] is an example of a non-native RDF-store that follows
this approach to store RDF data [91]. More specifically, Jena has
two implementations: Jena SDB and Jena TDB. Jena SDB9 uses
conventional relational databases like MySQL and PostgreSQL for
the storage and execution of queries. Jena SDB can be categorized
as a non-native RDF-store. As of June 2013, Jena SDB has not been
developed. However, it is now in the “maintenance only” status
which means its developers intend to continue releasing Jena SDB
but it is not actively developed.10 As discussed in [80], Jena can
support the property table approach in which it groups triples by
their types. All triples of the same type are stored in a separate table.
However, the database schema of each property table generally needs
to be defined by the application. In addition, multi-valued predicates
need to be specified by the database developer before storing them
separately in new tables [80].

9https://jena.apache.org/documentation/sdb/
10https://jena.apache.org/documentation/sdb/sdb_index.html

https://jena.apache.org/documentation/sdb/sdb_index.html
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Sesame [39] is designed as an open-source framework for stor-
ing RDF data. Similar to Jena, it allows the use of different stor-
age engines (including relational databases like PostgreSQL) as its
backends. As mentioned in [80], since May 2016, Sesame has offi-
cially forked into an Eclipse project (and now referred to as RDF4J).
Sesame can support the use of property table storage. However, sim-
ilar to Jena, the actual schema and physical design are needed to be
tuned by the application experts. Sesame can derive the table defi-
nitions automatically if the ontology of a dataset is available.

RStar [42] is originally implemented to store ontology information
along with the RDF data (i.e., instance-level data) using multiple re-
lational tables. In particular, RStar employs five tables to store on-
tology information, namely, class, subclass, property, sub-property,
and property-class. An “InstanceOfClass” table is then employed to
store RDF triples (i.e., instances of the classes). In RStar, a sin-
gle triples table (with three attributes: SubID, PreID, and ObjID)
is also employed to store all instance triples. RStar also maintains
links between ontology and instance data.

DLDB [43], DBOWL [108], and RDFSuite [36] are non-native
RDF-stores that use the ontology class structure for storing RDF
datasets in relational systems. These systems are very similar to
the above-mentioned RStar. More specifically, DLDB uses the def-
inition of classes and properties in ontology information to create
tables. This can be viewed as the “hybrid ” of the property table and
the vertical partitioning approaches [80]. DBOWL uses axioms in
the ontology information to create relational tables. RDFSuite uses
RDFS (see Section 2.2.1) to create relational tables for storing RDF
data. In addition to the storage and query processing, it has provided
a suite of tools for RDF validation. Using ontology information can
assist in designing schema for relational-based RDF data manage-
ment. However, this information tends to be partially available in
reality (if not totally absent). For instance, only a small percentage
(i.e., approximately 30%) of ontology class properties are available
for datasets of the LOD project [80].

SW-Store has been proposed by Abadi et al. [90] to store RDF
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Figure 2.10: An example illustration of vertical partitioning [90]

datasets following the vertical partitioning approach. In this ap-
proach, a fully decomposed storage model is employed to store triples.
More specifically, SW-Store first creates n tables where n is the
number of unique predicates in the RDF dataset. Each table has
two columns to store subjects and objects that are associated with
each predicate. Fig. 2.10 shows an example illustration of the vertical
partitioning proposed by SW-Store [90, 91] where for each existing
predicate one subject-object table is created. As can be seen, triples
are decomposed into multiple binary tables with two columns (S, O)
and each binary table is corresponding to a unique property (e.g.,
“P1 ”). This approach was implemented based on a column-oriented
DMS (i.e., C-Store [109]). Similar to Virtuoso, SW-Store translates
SPARQL queries to their equivalent SQL and then uses the C-Store
query processing engine to execute them. An advantage of employing
the vertical partitioning approach is that creating the binary tables
does not need any a priori schema design [91]. However, the high
number of resulting joins imposes restrictions on the performance of
systems following the vertical partitioning approach [95].

2.5.3.4 Cluster-Property Tables

Fig. 2.11 shows an example illustration of the clustered-property ta-
bles in which frequently co-accessed attributes are stored together [91].
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Figure 2.11: An example illustration of clustered-property tables [91]

Sintek and Kiesel [96] followed the cluster-property tables ap-
proach and proposed RDFBroker. The suggestion of this work is
to exploit structure information from RDF datasets like predicate-
object pairs of each subject to automatically group subjects and
create a table for each group. However, this strategy can lead to the
creation of many tables for diverse datasets. Each of these tables
typically contains only a small number of rows. To address this, the
merging of small tables into larger ones can be considered (by using
association rule mining methods to find all predicates that frequently
occur with the same subject). The core idea behind using clustered-
property tables is to group commonly accessed subjects together in
a single table to avoid expensive joins on the data.

2.5.3.5 Summary

The high number of resulting joins imposes restrictions on the perfor-
mance of relational-based RDF-stores [95]. Besides, a major draw-
back of many relational-based approaches (like property and cluster-
property approaches) is that these approaches do not support queries
with unbounded properties [81, 92].

Table 2.3 has summarized the storage layouts and supported fea-
tures (e.g., schema inference and update support) of centralized non-
native RDF-stores that we have reviewed. Having covered the non-
native RDF-stores, we now provide background information on some
of the native approaches, in the next section.
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Figure 2.12: Indexing RDF triples in all six possible orders

2.5.4 Major Native RDF-stores

2.5.4.1 Overview

RDF can represent diverse KG content with different levels of struc-
turedness (see Section 2.2.3) without any difficulty. Thanks to this
inherent flexibility, many data management system designers have
eschewed mapping RDF data into generic systems (like relational
DMSs) and focused on designing customized systems for the storage
and retrieval of RDF data. This is indeed consistent with the prin-
ciple and rationale advocated in [59] that customized data manage-
ment systems can typically outperform generic ones. In the context
of RDF data management, these customized systems are typically re-
ferred to as native RDF-stores that are built from scratch specific to
the schema-relaxability feature of the RDF data model. We review
major existing native RDF-stores in this section. We divide them
based on their primary storage locations into two groups: disk-based
and memory-based (e.g., all the data and indexes are stored on disk
in the disk-based systems).

2.5.4.2 Aggressive Indexing Strategy

Native RDF-stores are typically designed based on a “workload-independent”
or “index-everything” (sometimes referred to as “aggressive indexing
strategy”) storage scheme specific to the schema-relaxability feature
of RDF data model. Over time, a range of native RDF-stores for
storing, indexing, and querying RDF have been developed. These
approaches typically maintain a set of six indexes (aka, exhaustive
indexing) covering all possible triple orders. As shown in Fig. 2.12,
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six possible indexing orders are PSO, POS, SPO, SOP, OPS, and
OSP where P stands for the predicate, O for the object, and S for
the subject (referring to three elements of each RDF triple). This
exhaustive indexing may result in high space consumption. However,
it is quite practical in the case of RDF data [44, 47, 60, 91, 110].

2.5.4.3 Dictionary Encoding

In addition to following the exhaustive indexing strategy, employ-
ing dictionary techniques to map literal values and IRIs of an RDF
dataset to unique numeric object identifiers (“ids”) is a typical de-
sign choice of most, if not all, major RDF-stores (especially in native
systems). This dictionary-based encoding can lead to a significant
reduction in storage since RDF datasets typically contain many fre-
quently repeated IRIs and literal values. Two common approaches
to generate “ids” are as follows: hash-based approaches (i.e., using
a hash-function) or counter-based approaches (i.e., maintaining a
counter and increasing the counter for each new RDF element). Dic-
tionaries can be implemented using different data structures but uti-
lizing B-trees and sorted vectors are perhaps more prevalent [44, 80].
It is not uncommon to apply various compression and optimization
techniques to mapping dictionaries such as the storage separation
of common namespace prefixes and IRIs. More information about
various dictionary encoding techniques in the context of RDF can
be found in [111]. Having covered exhaustive indexing and mapping
dictionaries as two typical design choices of almost all native RDF-
stores, we review major existing native RDF-stores in the following.

2.5.4.4 In-memory Approaches

As mentioned in the previous section, native RDF-stores typically
follow exhaustive indexing strategies to store RDF data and effi-
ciently execute queries over them. One of the systems that followed
this approach is Yars [112]. This system has adopted information
retrieval techniques (e.g., inverted indexes) and combined them with
database techniques to create two sets of indexes, namely, lexicon
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Figure 2.13: An example illustration of SPO index in Hexastore [60]

and quad indexes to store RDF data. Specifically, the lexicon index
is to cover the string representations of RDF data. This is an in-
verted index enabling Yars to perform full-text searches. Its quad
indexes are created to efficiently store RDF data as quads of <S,
P, O, C> where S, P, and O are to represent RDF triples and C
can be used to refer to any application-specific metadata like the
origin of each RDF triple. These quad indexes are implemented us-
ing the B+tree data structure. These indexes are created over the
following orders of the quad: SPOC, POC, OCS, CSP, CP, and OS.
Yars2 [113] has been developed as an extension to Yars [112] in which
B+tree indexes are replaced by alternative indexing data structures
like hash tables to decrease the I/O cost. More specifically, Yars2
typically consumes more storage space by maintaining 16 hash tables
for exhaustive indexes over quads but its search operation tends to
be faster [80].

Similar to Yars, Hexastore [60] has also followed the exhaustive
indexing approach. In Hexastore, RDF data is indexed in all six pos-
sible orders. This system has utilized a combination of two sorted
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vectors and a list to store each index order. For instance, Fig. 2.13
shows the SPO index order created by Hexastore. In the SPO or-
dering index, every distinct subject is associated with the vector of
predicates that occur in one triple with that subject, and every pred-
icate, in turn, is appended with the list of objects. To reduce the
storage consumption, Hexastore also employs a dictionary technique
to map URIs to ids. Hexastore can support single triple pattern
lookups and merge-joins of any pair of triple patterns. Query per-
formance was the first design priority of Hexastore. Thus, insert
operations tend to be slower. Hexastore was originally proposed as
an in-memory system. More recently, an on-disk version of it was also
introduced in [114]. Experimental evaluations show that employing
the sorted vector-based scheme can lead to faster query execution
times (in most cases) compared to B+trees.

Similar to Hexastore, BitMat [115] is an in-memory native RDF-
store utilizing a “bit-matrix ” structure for representing RDF triples.
Reducing space consumption was one of the main design priorities of
BitMat. To achieve this, BitMat considered each RDF triple as a 3-
dimensional entity that can be horizontally partitioned into multiple
fragments based on the usage requirements. Conceptually, BitMat
is a 3-dimensional “bit-cube” in which each cell is a bit to represent
the absence or presence of a unique triple. To store this bit-cube
in memory, it has been flattened into a 2-dimensional bit matrix.
To mitigate the potential excessive space consumption, BitMat only
maintains bits representing the presence of triples. To this end, it
utilized an array of bit-rows, where each row is a collection of all the
triples having the same subject. This enhancement led to a compact
in-memory representation of RDF data [86]. Queries can then be
processed using bitwise operations (like “AND” and “OR”) on the
BitMat rows. No update mechanism has been involved in the BitMat
design. Thus, this is mainly a read-only RDF triple storage system
with no dynamic insertion or deletion (of RDF triples) support at
present.

Three-way Triple Tree (TripleT) has been proposed in [116]. The
main design goal of this system was to decrease the negative effects
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Figure 2.14: An example illustration of the Kowari system’s
AVLtree-based indexing [117]

of weak data locality on the storage of RDF data. The weak data
locality in this context refers to the design of a multi-index approach
where a piece of data can appear in multiple memory locations and
several different data structures. In other words, they reported that
creating multiple indexes and storing each of them separately can
potentially lead to weaker data locality. TripleT still follows the
exhaustive indexing strategy but in contrast to common approaches,
TripleT creates a single B-tree index over all the “atoms” occurring
in an RDF dataset instead of building indexes over triples. More
specifically, TripleT first extracts elements of RDF triples and stores
them separately using three “buckets”, namely, S-bucket, P-bucket,
and O-bucket, referring to storage locations of subjects, predicates,
and objects, respectively. Each key atom in the B-tree then points
to the actual data stored in the buckets with regard to the role of
the atom in the RDF triples (i.e., an atom can be either a subject,
a predicate, or an object). This B-tree finally is used as the access
path when it comes to query processing. As discussed in [80], the
advantages of the TripleT design (as compared to conventional RDF
indexes like SOP, PSO, and OSP) are somehow unclear.
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2.5.4.5 Disk-based Approaches

The Kowari system [117] (also referred to as Mulgara) is another na-
tive system that followed the typical approach of exhaustive indexing
to store RDF data. This system creates indexes over the following six
different orders SPOM, POSM, OSPM, MSPO, MPOS, MOSP where
S, P, and O are to represent RDF triples and M can be used to refer
to any application-specific metadata like named graphs. The Kowari
system has implemented these indexes using multi-version blocked
AVLtrees. In cases where there is no need to store any metadata,
Kowari ignores the M and creates an index over the following three
orders: SPO, POS, OSP (see Fig. 2.14 for an example illustration).

RDF-3X [44] as a native RDF-store has eliminated the need for
physical database design by creating exhaustive indexes over all per-
mutations of RDF triples. RDF-3X uses a giant single table to store
triples. This is not based on a relational system since RDF-3X imple-
mented its own storage engine. In fact, all processing is index-only in
RDF-3X. Thus, the triples table exists merely virtually. More specif-
ically, RDF-3X has utilized a compressed clustered B+tree to store
each index order in which RDF triples are sorted lexicographically. A
mapping dictionary technique is also employed to replace long string
literals in the triples with ids. It supports updates following a staged
strategy.

iStore [118] has introduced the notion of “structure index ” which
can be used for storing RDF data and executing queries over it.
This can lead to clustering of those subjects of the RDF data that are
similar in structure. The similarity here refers to the “neighborhood”
of the graph vertexes and the “structure” refers to the set of incoming
and outgoing connections of each vertex. iStore uses this “structure
index” as an access path to perform join processing.

BlazeGraph11 (formerly BigData) has been proposed as a na-
tive RDF-store supporting RDF/SPARQL Sesame APIs, the Apache
TinkerPop stack, and graph mining API. Blazegraph’s data model-
ing is based on B+trees to store RDF triples in the form of ordered

11https://blazegraph.com/

https://blazegraph.com/
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data. Blazegraph typically creates the following indexes for triples
modes: SPO, POS, and OSP. For normal use cases, these indexes are
laid out on variable-sized pages. These index pages are read from
the backing store and loaded into the main memory on demand (i.e.,
into the Java heap). However, Blazegraph takes advantage of a va-
riety of data structures to execute queries when stored RDF data
is loaded in the main memory. For example, the underlying data
model (i.e., B+trees) is retained by a mixture of a ring buffer (hard
reference queue), weak references, and hard references on the stack
during the use along with a native memory cache for buffering writes
to reduce write application effects. Blazegraph also implements some
advanced query optimization techniques such as runtime query opti-
mization and vectorized query engine. It is alleged that Blazegraph
was acquihired by Amazon and the Amazon Neptune is based on
Blazegraph.

2.5.4.6 Summary

We have provided background information on the main approaches
that are followed by native RDF-stores in this section. We also re-
viewed major existing systems. The evolution of native systems is
shown in Fig. 2.15 (based on [86]), in which the edges indicate influ-
ences. Table 2.4 has summarized the storage layouts and supported
features (e.g., data structure and update support) of centralized na-
tive RDF-stores. In the next section, we describe how modern RDF-
stores perform SPARQL query processing. We concentrate on query
processing in the context of native RDF-stores that follow the index-
everything strategy.
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Figure 2.15: Evolution of native RDF-stores [86]. Edges indicate
influences.
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2.6 SPARQL Query Optimization

2.6.1 Overview

We proceed by describing different steps of SPARQL query optimiza-
tion and processing in this section. When an RDF dataset is loaded,
major RDF-stores typically perform the following steps to execute
a given query. In general, the RDF-store parses a query according
to the query language grammar (i.e., SPARQL) and generates the
corresponding syntax tree for the query. Transforming the syntax
tree into a logical operator graph is the next phase. This is followed
by logical operator graph optimization. For example, the execution
order of different parts of a query such as filtering or sorting should
be planned. The next phase is to choose the best implementations
for each logical operator referred to as physical optimization. The
output of this phase is the physical operator graph which should be
executed and the resultset will be returned [52].

2.6.2 Join Query Graph Construction

Given a SPARQL query, the query engine parses it according to the
query language grammar and generates the corresponding syntax
tree for the query. If the query has only one triple pattern, it will be
executed through an index lookup (depending on the query pattern,
a proper index order will be used) and the result will be returned.
However, SPARQL queries typically contain more than one triple
pattern. In this case, the query engine constructs a representation
of the query called the “join query graph”. This is constructed based
on the decomposition of the given query to its triple patterns. Every
triple pattern of the given query consists of literals and variables.
Literals typically need to be mapped to their ids if dictionary en-
coding techniques are used for triple representation. After this, the
triple patterns are represented as the nodes of the join query graph.
In this graph, triple patterns that share (at least) one variable are
connected with an edge. Edges in the query graph correspond to the
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Figure 2.16: Query graphs of an example SPARQL query (based
on [81, 92])

join possibilities within this query. Each query can also be repre-
sented with a dual graph structure called an “RDF subgraph”. This
subgraph describes the pattern that has to be matched against the
underlying RDF dataset. The RDF subgraph will also be used as a
basis for further query optimization like join ordering, etc.

Fig. 2.16 (based on [81, 92]) shows a typical SPARQL query
with several star-shaped subqueries (see Section 2.4.2) connected via
chains (see Section 2.4.3). Star-shaped queries correspond to enti-
ties whose predicates were specified by the predicates on the edges
that form the star. For instance, star-shaped subqueries are formed
around the variables ?s and ?b in Fig. 2.16 to describe a person and a
city, respectively. When the query graph is constructed, RDF-stores
can use it as a basis to perform query optimization. To achieve
this, RDF-stores construct an algebraic representation (containing
join operators) for the query graph called the “join tree”. The join
tree can be viewed as a binary tree whose leaf nodes are the query’s
triple patterns and the inner nodes are joins. This tree can help
the query optimizer to construct the query’s execution plan in which
indexes and types of joins are determined. An execution plan con-
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sists of all essential steps to clearly determine how the query will be
executed. For instance, an example of an execution plan (perhaps
un-optimized) is given below:

1. Perform an index scan for every triple pattern (use literals and
their positions to determine the range of the scan and the ap-
propriate index order).

2. Look at the query graph and add a join for each edge

• If multiple edges are associated with two nodes, turn them
into selections.

• If the query graph is disconnected, no join is needed. In-
stead, add cross products between them (create a single
join tree).

3. Check whether any FILTER clause exists in the query.

4. Check whether the DISTINCT modifier is used in the query.

5. Add the id-to-string mapping on top of the plan (in case the
dictionary encoding is implemented in the system).

An execution plan can further be optimized by applying tech-
niques like splitting the FILTER condition into the conjunction of
conditions, pushing filters as deep as possible towards the leaves in
the join tree, etc. However, the most challenging part of optimizing
an execution plan is to order joins [92]. An optimized join ordering
can lead to minimizing the amount of intermediate results trans-
ferred from operator to operator while executing a query. In the
next section, we describe the join ordering process.

2.6.3 Join Ordering and Plan Enumerations

As mentioned above, queries typically contain sets of triple patterns
requiring pattern matching. For any given query with multiple triple
patterns, there exist multiple join trees. A query optimizer has to
select the best one with regard to a certain cost function. Typically,
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the query optimizer estimates the execution cost by evaluating the
join tree in terms of the cardinality of triple patterns and cardinality
of intermediate results. The cardinality of a triple pattern is defined
as the number of triples that match the pattern. It is not very hard
to predict that the higher the number of joins, the higher the number
of possible orderings which can make the index choice and plan enu-
merations difficult. The number and complexity of query features
would make the search space larger in order to find an efficient plan.
For instance, one of the difficulties in executing queries with con-
junctions or disjunctions such as union and optional patterns is that
query engines need to generate plans with all possible combinations.
However, the core problem of SPARQL query optimization is still
finding the least-cost join ordering. As discussed in [44, 47, 81, 92],
this requires the query optimizer to take the three following common
cases into consideration:

• Assigning higher priority to the fast generation of optimal plans
for star-shaped subqueries since this is a very common query
type.

• In principle, there are two important classes of join trees: (i)
left-deep trees (sometimes referred to as linear trees) and (ii)
bushy trees. Building bushy trees as join plans for the star-
shaped subqueries that are connected with long chains can lead
to more optimal plan generation.

• Selecting appropriate index orders is important for exhibiting
better performance.

The performance of RDF-stores relies on finding the least-cost
execution plan where estimated cardinalities have a significant im-
pact on the optimal plan generation. For instance, an example of a
star-shaped query is shown in Fig. 2.17. Inappropriate join order-
ing can lead to the plan that is depicted in Fig. 2.18 (a). This is a
suboptimal plan. The optimal plan is shown in Fig. 2.18 (b). This
example is used to show how easily a query optimizer may make
mistakes and generate suboptimal plans.
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1 PREFIX dbpr: <http :// dbpedia.org/property/>
2 PREFIX foaf: <http :// xmlns.com/foaf /0.1/ >
3 SELECT ?author ?book
4 WHERE {
5 ?author foaf:name ?fullName .
6 ?author dbpr:birthPlace ?Bp .
7 ?author dbpr:authorOf ?book
8 }

Figure 2.17: An example SPARQL query (based on [81, 92])

Figure 2.18: Optimal and suboptimal query plans for the star-shaped
query in Fig. 2.17 (based on [81, 92])

In theory, sampling-based query execution may help in these
cases, but it is not very practical to follow a sampling-based plan
enumeration (or a randomized selection) to find the optimal plan
since for many queries, the sample would have to be large to be use-
ful, which is obviously very expensive. As a result, it is not very easy
for RDF-stores to generate optimal plans for queries with multiple
joins as well as optional patterns and unions.

Having covered the key features of query optimization and pro-
cessing in modern RDF-stores, we now provide background informa-
tion on cardinality estimation in the next section.

2.6.4 Cardinality Estimation

As mentioned in the previous section, the good performance of RDF-
stores relies on finding the least-cost execution plan where estimated
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cardinalities have a significant impact on the optimal plan genera-
tion. However, it is already recognized in the database community
that obtaining accurate statistics (or even reasonable estimations) is
a standard yet extremely complicated problem.

Building histograms to compute frequencies of RDF elements is
a common approach to estimating cardinalities. In fact, cardinality
estimation of single triples using these histograms is not very com-
plicated in most cases. However, common SPARQL queries contain
more than a single triple pattern. This requires estimating the join
sizes of two and more triple patterns (depending on the number of
triple patterns in a given query) to select the most efficient join or-
dering. This clearly calls for estimating correlations between them
which is not an easy task to accomplish (in most cases) due to the
schema-relaxability of the RDF data model. For instance, comput-
ing cardinalities for datasets with lower levels of structuredness is
challenging since triples are more heterogeneous (i.e., datasets with
a larger diversity of predicate names) and the common data struc-
tures are not compact enough to group all correlated triples. In
other words, the schema-relaxability of RDF fundamentally compli-
cates the query optimizers’ efforts for deriving reliable estimates [44,
81, 92].
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2.7 Virtual Integration of RDF-stores

2.7.1 Overview

Executing queries over multiple RDF-stores is not uncommon espe-
cially when several RDF datasets are strongly related to a domain of
interest but physically are stored in different systems. When RDF
datasets are separately stored, one can integrate (materialize) them
all into a single dataset and employ a single RDF-store to store it and
execute queries over it. There is an alternative option as well. This
is to “virtually” integrate them in which the RDF datasets are phys-
ically separated but any given query will be executed against all of
them and the results will be materialized before being returned to the
user. In practice, there are two common ways that preserve the data
sources’ autonomy but at the same time allow for evaluating queries
based on the data of multiple sources, namely, mediator-based sys-
tems and federated systems [94]. These systems are explained in the
next sections.

2.7.2 Mediator-based Systems

These systems provide a service to virtually integrate RDF datasets
from a selection of independent RDF-stores. In a mediator-based ap-
proach, the RDF-stores are often unaware that they are participating
in an integration system but there is a mediator that provides a com-
mon interface for the user to receive queries and return the results.
The mediator receives a query and sends it to all of the underlying
RDF-stores and when the results are returned, the mediator materi-
alizes them before sending them to the user. The mediator performs
this by using a “global catalog” (statistics about the RDF-stores and
data available at the sources). The mediator typically provides some
additional services like rewriting and optimizing the query. To do
this, the mediator needs to determine which RDF-stores are relevant
with respect to a given query and create subqueries for the relevant
RDF-store. In case the RDF-stores manage their local RDF dataset
using any data models or query languages different from what the
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mediator uses (e.g., SQL to XQuery), rewriting the subqueries in a
way that makes them “understandable” for the source RDF-stores is
needed. This is sometimes referred to as “wrapping” [94]. Transform-
ing the returned results back into the mediator’s model then needs
to be performed.

2.7.3 Federated Systems

Similar to the mediator-based systems, federated systems also pro-
vide a service to virtually integrate RDF datasets from a selection of
independent RDF-stores. Federated systems can execute SPARQL
queries over multiple RDF-stores. A typical example is linked data
(like the LOD project), where different RDF datasets are intercon-
nected.

The typical approach for federated SPARQL query processing is
first to precompute metadata for every single RDF-store that is a
member of the federation. This metadata can assist in decomposing
any given SPARQL query into several subqueries. Each subquery is
then sent to its relevant SPARQL endpoints (the storage location).
The results of all subqueries are finally merged together as the answer
of the given query [26].

As the second variant of virtual integration, a federation is a con-
solidation of multiple RDF-stores offering a common interface and
thus similar to the mediator-based systems. However, the main dis-
tinction between them is as follows: in the federated systems, RDF-
stores are aware that they are part of the federation and they actively
support the data model and the query language that the federation
agreed upon. Ideally, there should be no difference between these
two architectures from a user’s point of view as long as both offer
transparent access to the data.

Having described the two common approaches for virtually in-
tegrating RDF-stores, we now provide background information on
multi-database solutions for query processing in the next section.
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2.8 Polygloty: A Multi-database Solution for
Query Processing

Several influential writers in the practitioner community, in partic-
ular, have converged on an interpretation of polygloty that suggests
using different DMSs and physical data stores depending on the type
of application. For instance, Fowler [119] has suggested the use of
traditional RDBMS for financial data, document stores (e.g., Mon-
goDB) for product catalog data, Key/Value stores (e.g., Cassandra)
for use activity logs, Property graph stores (e.g., Neo4j) for recom-
mendation systems, and in-memory Key/Value stores (e.g., Redis)
for user sessions data processing, etc. This approach violates the
basic principle of integrated data that is central to the database ap-
proach since the early 1970s, despite the exigencies of immediate
commercial imperatives. It is not also difficult to see that the lack of
integration across the entire data will lead to balkanized data islands.

Supporting multiple data models against a single, integrated back-
end can potentially address this problem [120]. As a result, over the
last few years, there has been growing interest in employing mul-
tiple DMSs for query processing. This interest has manifested in
the research and development of some open-source platforms such as
Apache Beam12 and Drill13 as well as some academic prototypes [121].
In general, these proposals utilize a model consisting of multiple
DMSs but require input from expert users to decide which specific
DMS meets the requirement for a given application or query set.
For example, [121] presents two commands, namely scope and cast

which provide a user with information to select the most appropri-
ate DMS for the query being analyzed. Recent works [122, 123,
124] present parallel cross-platform data processing systems to de-
couple application interaction from underlying platforms. These sys-
tems follow a process that splits each given query into subqueries,
executing them on multiple platforms simultaneously to minimize
the overall runtime. Although providing a speedup, it is unclear,

12Available Online: https://beam.apache.org
13Available Online: https://drill.apache.org

https://beam.apache.org
https://drill.apache.org
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however, how much of the performance gain comes from minimiz-
ing inter-platform communication overheads by taking advantage of
data locality for sub-query processing. Various proposals take alter-
native approaches, presenting cross-platform stream processing [125]
or building dynamic workload management through adaptable ar-
chitecture design [126, 127]. There are some academic prototypes as
well to improve the performance differences between relational and
multi-language user-defined functions (UDFs), e.g., [128].

These, as well as other similar examples, show that research and
experimentation have been carried out by utilizing multiple DMSs
for query processing, however, current solutions are heavily focused
on applications such as ETL, machine learning, stream processing,
OLAP, etc. To the best of our knowledge, there have been few
scientific or empirical investigations into employing multiple DMSs
for high-performance query processing over RDF datasets.

2.9 Benchmarking Efforts

In addition to the design of the DMSs (see Section 2.5), analysis
of available DMSs using benchmark datasets has been a core topic
of Semantic Web data management research. The growing num-
ber of applications that use RDF data provides the motivation for
large-scale benchmarking efforts [83]. For example, some studies
such as [45, 54, 129] presented new benchmark datasets. In par-
ticular, [54] proposed the Berlin SPARQL Benchmark dataset for
comparing SPARQL engines with relational systems. Similarly, [45]
proposed a benchmark dataset based on the e-commerce use case
scenario called The Waterloo SPARQL Diversity TEST Suite (Wat-
Div) in order to analyze the correlation between DMS performance
against varying query structures and complexities. There are studies
such as [22] which comprehensively surveyed and analyzed available
datasets.

Some other studies such as [102] did not propose any new dataset
but attempted to use available benchmarks and distributed NoSQL
DMSs for reporting key advantages and drawbacks of them. Some
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other authors have performed similar experimental comparisons across
database types. For instance, Abreu et al. [130] compared RDF-
3X [44] as a native RDF-store with a number of graph databases,
showing the supremacy of RDF-3X for graph pattern matching [131].
Hernandez et al. [131] compared the performance of four different
DMSs, namely, Virtuoso, Blazegraph, Neo4J, and PostgreSQL. The
focus of their experiments was to reveal the strengths and weaknesses
of the tested DMSs in the context of Wikidata KG. Note that this
and similar major studies (e.g., [45]) were published over five years
ago. Our comparative study in Chapter 4 complements such studies.

2.10 Conclusion

This chapter has presented an overview of the technical background
along with a review of the related literature. It has introduced
KGs in Section 2.1 in which various definitions, a brief historical
overview, and major application use cases have been discussed. Key
requirements to unlock the full potential KGs such as the RDF data
model and its foundational elements have been presented in Sec-
tion 2.2. This has been followed by background information on
SPARQL query language in Section 2.3. KG query types were also
covered in Section 2.4. An in-depth discussion of KG data man-
agement systems and a review of major state-of-the-art approaches
have been provided in Section 2.5 along with an overview of query
optimization in Section 2.6. Having covered the background and lit-
erature review in this chapter, we present the research approach and
methods in the next chapter.



Chapter 3

Research Approach and
Methods

The main advantage of RDF is precisely that it can be used to rep-
resent KG content across the full spectrum of structuredness, that is
to say, from completely unstructured to fully structured. This inher-
ent flexibility is perhaps the main reason behind RDF’s widespread
acceptance. Blurring the structuredness lines, however, poses perfor-
mance challenges for RDF data management since no assumptions
can be made a priori about the KG content that it is going to be
stored [50]. Although designing Data Management Systems (DMSs)
with customized physical storage layouts for RDF datasets is well-
studied and related best practices are widely available, it is not very
clear if the variability in the data and the applications’ requirements
can be matched by any available sophisticated DMSs. A systematic
approach would identify this and determine how efficiently major
existing DMSs perform to store diverse RDF datasets and execute
diverse queries over them. The systematic approach adopted for this
study is presented in this chapter.

3.1 Introduction

By leveraging the RDF data model along with other standards and
technologies, an increasing number of KGs has been published over
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the past few years covering diverse domains ranging from common-
sense and encyclopedic knowledge to geographic information, gen-
eral life sciences, and evolutionary biology data. This proliferation
of KGs has provided important opportunities for various application
use cases. It also heightened our awareness of the need for employ-
ing RDF-stores to efficiently store and process the content of RDF
datasets for semantic and other applications to unlock the full po-
tential of using KGs. While the significance of this need has already
been recognized, our understanding of how efficiently major existing
DMSs perform to store diverse RDF datasets and execute queries
over them is still somewhat limited.

In this chapter, we discuss our approach to evaluating the per-
formance of DMSs for storing large-scale KGs with different lev-
els of structuredness and executing a large and diverse number of
queries over them. We begin by defining diversity-tolerant RDF-
stores in Section 3.2. On this foundation, we will go on to present
our approach to evaluating the performance of RDF-stores. In Sec-
tion 3.3, we develop clear guidelines on how to detect potential in-
efficiencies of RDF-stores and discuss the design of a controlled ex-
periment to perform a comparative analysis of RDF-stores. Finally,
we provide detailed information about the basis of our evaluation.

3.2 Definition of Diversity-tolerance

When designing RDF-stores, three properties are commonly desired:

• Support for a diverse range of query features. This in-
cludes required and optional graph patterns, aggregation, sub-
queries, negation, along with their conjunctions and disjunc-
tions as well as creating values by expressions and extensible
filtering (see Section 2.3.1).

• Support for widely varying RDF datasets in terms of
structuredness and size. This refers to the structuredness
and size of RDF data which is introduced and defined in Sec-
tion 2.2.3. In brief, the structuredness of T is affected by the
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sparsity or absence of its predicates across instances. In a KG
dataset with high structuredness, we expect that for any two
instances of the same type, the instances have exactly the same
number of predicates with the exact same names.

• Exhibiting good performance. In the context of KG query
processing, the performance is typically measured by query ex-
ecution times. This is an end-to-end time counted starting
from a query submission time to the time the final (and cor-
rect) result is returned.

A diversity-tolerant RDF-store is an RDF data management system
that can achieve all the above-mentioned desiderata simultaneously.
The diversity tolerance of an RDF-store can be evaluated by explor-
ing interactions between (i) its support for the full range of query
features (Q), (ii) its support for widely varying RDF datasets (in
terms of structuredness and size) (S), and (iii) time the RDF-store
takes for processing SPARQL queries over the RDF data before re-
turning the correct result efficiently (P).

Theoretically, RDF-stores can be diversity-tolerant and efficiently
execute diverse queries by constructing an optimal plan for each
query (background information can be found in Section 2.6) based on
accurate cardinality estimations (and the cost model) and effective
indexing schemes. However, S and Q have significant impacts on P
by affecting the cardinality estimation accuracy (see Section 2.6.4),
the effectiveness of indexes (see Section 2.5.4.2), and plan enumer-
ations (see Section 2.6.3). Our approach seeks to evaluate these
effects. This will lead to a generalized approach to evaluating any
RDF-store’s diversity tolerance.

3.2.1 Remarks on the Impacts of Structuredness (S)
on Performance (P)

Obtaining accurate statistics for efficient join processing is already
recognized in the database community as a standard yet difficult
problem [92]. This is because estimating the join sizes of two and
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more triple patterns clearly calls for estimating correlations between
triple patterns which is not an easy task to accomplish especially for
datasets with lower levels of structuredness where higher levels of
the sparsity of the dataset complicate the query optimizers’ efforts
at deriving reliable estimates (see Section 2.6.4).

While lower values for structuredness typically affect the accuracy
of cardinality estimations, higher values can decrease the effective-
ness of the indexes. More specifically, higher values of structuredness
typically indicate the presence of identical predicates across triples
which can impact the density of indexes negatively since density usu-
ally shows the ratio of unique values. Thus, the higher the density,
the lower the selectivity, and consequently, the lower P for highly
structured datasets.

3.2.2 Remarks on the Impacts of Query features (Q)
on Performance (P)

Generating optimal execution plans can lead to faster query execu-
tion times (see Section 2.6.3). However, the number of triple patterns
in a query and the complexity of query features would enlarge the
search space in order to find an efficient plan. The search space can
consist of n!kn plans where n denotes the number of required joins
and k the number of available algorithms for join processing that are
implemented by the RDF-store (like merge join and hash join) [132].
One of the difficulties in executing queries with conjunctions or dis-
junctions such as Union and Optional patterns is that RDF-stores
need to generate plans with all the possible combinations [81, 92].
In theory, sampling-based query execution may help in these cases,
but it is not very practical to follow a sampling-based plan enumer-
ation (or a randomized selection) to find the optimal plan since the
sample would have to be large to be useful, which is obviously very
expensive. As a result, it is not an easy task for RDF-stores to gen-
erate optimal plans for queries with multiple joins as well as optional
patterns and unions.
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3.2.3 Remarks on the of Impacts of Volume on Per-
formance

The performance of RDF-stores relies on their cost models. These,
in turn, are highly dependent on the accuracy of cardinality esti-
mations. The size of stored data can affect the statistics. For larger
datasets, the likelihood of inaccuracies increases leading to estimated
cardinalities being less likely to be reasonable reflections of the actual
content of KGs (more information can be found in Section 2.6.4). In
addition, the execution of queries tends to get slower when the size
of the underlying data grows given that a larger portion of the data
will typically need to be scanned to return the result. Scanning more
data means more intermediate results that need to be managed. This
puts more pressure on the computer hardware and software resources
like the relevant components of the operating system (e.g., the I/O
subsystem), the storage media, etc. For faster query processing,
RDF-stores need a good awareness of the physical locations of the
data and indexes (on the primary storage media, in-memory, etc.)
to decrease the CPU and I/O costs. However, this is more difficult
to achieve when very large KGs are processed.

3.3 Evaluation Approach: Controlled Experi-
ments

3.3.1 Overview

In this research, we use experimental evaluation to measure the ef-
ficiency of KG query processing. One of the main reasons behind
our experiments and measurements is to test propositions related to
the behavior and efficiency of major RDF-sores. We seek to quan-
tify RDF-stores’ bottlenecks in KG query processing with the goal of
proposing improved design choices that can contribute to improved
performance.

Evaluating the performance of an RDF-store can help us to de-
tect its potential efficiency issues (if any). We make the performance
evaluation more insightful by repeating the same experimentation on
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several major RDF-stores and using their query execution times as
quantitative evidence to compare them with each other. The com-
parison is fair and reliable if we set up a control experiment in which
everything is constant except for RDF-stores that are changed each
time. To achieve conformity with accepted rules and standards of an
experimental evaluation, we use appropriate benchmark datasets and
queries. This helps to make the experiments highly persuasive and
replicable. The basis of our evaluation is presented in the following.

3.3.2 Basis of Evaluation

A good choice of measure is crucial to practical system evaluation and
to further insightful analyses. As part of the experimental evaluation,
we measured the query execution time. This is an end-to-end time
computed from the time of query submission to the time when the
result is outputted. After the execution of each query, we carefully
check to ensure that the output results are correct and exactly the
same across different employed RDF-stores.

3.3.3 Robustness of Measurements

In general, for performance evaluation based on a series of runs,
query execution times will be average times. For fairness and to
ensure that our experimental design is robust and persuasive, the
query times reported for each data management system are averaged
over five successive runs (with no delay in between) to account for
any randomness and noise. In this research, we used the Geometric
mean – the nth root of the product of n numbers – instead of the
arithmetic mean since it typically provides a more accurate reflection
of the total speedup factor [89].

3.4 Conclusion

This chapter has discussed that KG query performance (P) is at-
tributable to the characteristics of the RDF datasets (S) and the
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SPARQL query features (Q). This chapter also presented the re-
search approach and methods of this thesis. Our study adopted an
experimental evaluation method. We presented that query execution
times (as quantitative evidence) are measured in our experimental
evaluation, that is to say, end-to-end times computed from the time
of query submission to the time when the result is outputted. The
robustness of measurements is also discussed.



Chapter 4

High-performance
Knowledge Graph Query
Processing: A Comparative
Analysis

We have previously discussed the performance challenges posed to
various Data Management Systems (DMSs) by RDF data models
aiming to represent diverse KG content in both structured and un-
structured environments with diverse query types. Although the sig-
nificance of these factors has been recognized, the comparative per-
formance of major DMSs executing various query types is still some-
what limited. In this chapter, we draw on experimental approaches
presented in Chapter 3 to evaluate the performance of existing RDF-
stores to store diverse datasets while executing archetypal queries.

4.1 Introduction

In this chapter, we carry out analyses of the performance of SPARQL
query processing across diverse DMS and query types. Our analy-
ses cover a variety of query types to measure their respective per-
formance across a range of RDF-stores, with the aim to provide
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a fine-grained comparative analysis of major native and non-native
RDF-store types. Prior to this, we clarify exactly what is meant
by KG query processing and what are the major steps involved in a
query’s execution process in the following.

In general, KG query processing proceeds as follows. First, the
KGs are loaded into a DMS, triggering the creation of related in-
dexes which are crucial to performance (see Section 2.5.4.2 of Chap-
ter 2). Users are then able to submit their queries which are parsed
according to the SPARQL grammar. During this phase, the DMS
also validates that the user has appropriate permissions to run the
query. After this, a physical optimization takes place. To achieve
this, existing cardinality estimations are utilized and index orders
will be selected to ensure the best performance. This then triggers
a complex process whose outcome is to generate a low-cost physical
operator graph to perform the query. Finally, the execution phase
is performed, wherein the desired data items are retrieved and the
answer to the query will be returned [52, 133].

The remainder of the chapter is organized as follows. We begin
with presenting a background in Section 4.2, highlighting which ma-
jor factors contribute to query performance. Section 4.3 presents the
experimental configuration including benchmark datasets, queries,
configurations and the KGs’ bulk loading process that is included.
Section 4.4 presents the results of the experiments, followed by re-
marks of the lessons learnt in Section 4.5. Section 4.6 concludes the
chapter.

4.2 Remarks on Factors Influencing Perfor-
mance

SPARQL enables users to formulate their queries by specifying “what”
is desired as an answer without specifying (in any way) “how ” the
answer is to be retrieved. This is often referred to as the “non-
procedurality” feature of SPARQL. On this basis, the user is not
required to be involved in specifying the step-by-step access plan to
execute the query since it is generally feasible to leave this to the
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employed RDF-store. For many queries, however, it is a challenge
to generate an optimized plan following a step-by-step access strat-
egy that minimizes run time and resource use. Typical challenges
include how to efficiently utilize CPU, RAM, and I/O to perform
intermediate steps of query processing, such as sorting and the order
of joins. These challenges are explained below.

Resource use. Three major resources are used for query pro-
cessing; CPU, storage devices (typically referred to as I/O), and
RAM. Among these, the maximum RAM capacity usable by an RDF-
store is specified at system initialization time, prior to loading KGs,
whereas CPU and I/O resources are under the control of the RDF
store to be used during query processing. RDF-stores typically at-
tempt to generate execution plans that can minimize the utilization
of CPU and I/O, achieved through estimations based on the query.
A major challenge, however, is to derive associated CPU and I/O us-
ages before the execution of the query as it depends on factors which
include things such as the complexity of the query and the accuracy
of cardinality estimations. Although a number of sophisticated tech-
niques are implemented, estimating the utilization of resources still
poses inherent challenges for RDF data management systems.

Joins. The number of algorithms that can be used by an RDF-
store for joining triple patterns is an important factor. Typical al-
gorithms are nested loop join, hash join, and merge join. Each of
these algorithms shows performance advantages in situations that
can arise in performing a join between two triple patterns. Given a
query with a number of triple patterns, a join of two triple patterns
in an RDF-store can be performed as follows. It begins with an in-
dex lookup to retrieve all triples that match the first triple pattern
of the query. During this step, matched triples are usually read from
the disk and cached in memory; often referred to as the left side, or
the outer side, of the join. A similar lookup is to be performed to
retrieve triples of the right, or the inner, side of the join. When both
sides (i.e., left and right) are retrieved, the RDF-store uses a join
algorithm to combine them to answer the query. The choice of join
algorithm can significantly affect the efficiency of the join processing.
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For instance, the nested loop join is typically efficient when only a
“small ” number of triples qualify from the outer side of the join, or
when the inner side of the join is “small enough” that all index and
data become resident in memory during the join processing. The
merge join (sometimes referred to as merge scan join or sort merge)
is more likely to be efficient when both sides are already sorted [133].
Although the importance of using an efficient join algorithm is rec-
ognized, choosing the most optimal join algorithm to process a given
query is still a major challenge.

It is now well established that the above-mentioned factors play
major roles in efficient KG query processing. In the next section,
we provide a fine-grained comparative analysis to understand how
efficiently RDF-stores, both native and non-native, perform under
diverse RDF datasets executing archetypal query types.

4.3 Experimental Context

In this section, we report our experimental context and details of the
KG benchmark datasets used for the experiments presented in this
chapter. This also includes DMSs’ configuration, indexing, and the
data loading process.

4.3.1 Benchmark Datasets

Five well-known benchmarks used for our experiments are presented
in this chapter. All or some of these have also been used in previous
studies such as [22, 45, 54, 57, 85]. These benchmarks are: Berlin
SPARQL Benchmark1 (BSBM) [54], Waterloo SPARQL Diversity
Test Suite2 (WatDiv) [45], FishMark [55], BowlognaBench [56], and
BioBench-Allie3 [57]. Of these, WatDiv and BSBM follow specific
rules that allow us to scale the datasets to arbitrary sizes using their
scale factors but other datasets are fix-sized. Table 4.1 shows the

1http://wifo5-03.informatik.uni-mannheim.de/bizer/
berlinsparqlbenchmark/

2https://dsg.uwaterloo.ca/watdiv/
3http://allie.dbcls.jp/

http://wifo5-03.informatik.uni-mannheim.de/bizer/berlinsparqlbenchmark/
http://wifo5-03.informatik.uni-mannheim.de/bizer/berlinsparqlbenchmark/
https://dsg.uwaterloo.ca/watdiv/
http://allie.dbcls.jp/
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statistical information related to these benchmarks. The RDF rep-
resentations of these benchmarks are available in different formats
such as N-Triples, Turtle, and XML. We used the RDF/N-Triples
format. To load them into a document-store like MongoDB, we had
to convert them to the JSON-LD4 format. We performed the conver-
sion using a parser designed and developed as part of this project5.

4.3.2 Knowledge Graph Queries

We ran benchmark queries against the corresponding datasets us-
ing the four DMSs. From the above-mentioned benchmark suites,
twelve queries were selected6, representative of the four major query
types, or the archetypal KG query types, that are discussed in Sec-
tion 2.4. These queries were selected as they provide varying degrees
of selectivity and complexity with the ability to highlight positive
characteristics of the systems under test. The selected queries are
the following:

i) Subject-Subject Join Queries:

• FishMark-Q5 — Query 5 from FishMark

• BowlognaBench-Q7 — Query 7 from BowlognaBench

• WatDiv-Q7 — Query 7 from WatDiv

ii) Subject-Object Join Queries:

• BioBench-Allie-Q2 — Query 2 from BioBench-Allie

• WatDiv-Q21 — Query 21 from WatDiv

• WatDiv-Q22 — Query 22 from WatDiv

iii) Tree-like Join Queries:

• BioBench-Allie-Q1 — Query 1 from BioBench-Allie

• FishMark-Q19 — Query 19 from FishMark

• BowlognaBench-Q14 — Query 14 from BowlognaBench
4https://www.w3.org/2018/jsonld-cg-reports/json-ld/
5The source code is available through https://github.com/m-salehpour/cmp
6Queries available at https://github.com/m-salehpour/cmp

https://www.w3.org/2018/jsonld-cg-reports/json-ld/
https://github.com/m-salehpour/cmp
https://github.com/m-salehpour/cmp
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iv) Optional Join Queries:

• BSBM-Q2 — Query 2 from BSBM

• BSBM-Q4 — Query 4 from BSBM

• FishMark-Q2 — Query 2 from FishMark
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4.3.3 Computational Environment

Our benchmark system is a Virtual Machine (VM) instance with
a 2.3GHz AMD Processor, running Ubuntu Linux (kernel version:
4.4.0-170-generic), with 48GB of main memory, 16 vcores, 512K L2
cache, 5TB instance storage capacity. The VM cache read is roughly
2799.45MB/sec and the buffer read is roughly 35.85MB/sec (i.e., the
output of the “hdparm -Tt” Linux command). The operating system
is set with no “soft/hard” limit on the file size, CPU time, virtual
memory, locked-in-memory size, open files, processes/threads, and
memory size using Linux “ulimit” settings.

4.3.4 Experimental Platforms

We chose four different DMSs: (1) Row-store Virtuoso (Open Source
Edition, version 06.01.3127), (2) Column-store Virtuoso (Open Source
Edition, Version 07.20.3230–commit 4a668a5), (3) Blazegraph7 (Open
Source Edition, version 2.1.5–commit 3122706), and (4) MongoDB
(community edition, version: 4.0.9).

For our experiment, Virtuoso was selected since it is already em-
ployed as the DMS of choice for a broad range of projects, e.g.,
the Linked Data for the Life Sciences project8. Blazegraph was se-
lected since it is the DMS behind Wikidata9 (i.e., a KG constructed
from the content of Wikimedia sister projects including Wikipedia,
Wikivoyage, Wiktionary, and Wikisource). MongoDB was selected
as a representative document-store since it is considered to be the
leader in this class of tools [103]. MongoDB’s efficacy for execut-
ing queries over KGs has not been researched extensively but some
academic prototypes such as [103, 134, 135] have already shown its
efficacy in similar contexts.

7Previously known as Bigdata DB. It is alleged that Blazegraph was acqui-
hired by Amazon and the Amazon Neptune is based on Blazegraph.

8https://bio2rdf.org/sparql
9https://query.wikidata.org/

https://bio2rdf.org/sparql
https://query.wikidata.org/
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4.3.4.1 Configurations

Configuration of row- and column-store Virtuoso. We con-
figured both of them based on the vendor’s official recommenda-
tions.10 For example, we configured the Virtuoso process to use the
main memory and the storage disk effectively by setting “NumberOf-
Buffers” to 4,000,000, “MaxDirtyBuffers” to 3,000,000, and “Max-
CheckpointRemap” to a quarter of the database size as recommended.
We also used the following version of GNU packages that are neces-
sary to build column-store Virtuoso: GNU gpref 3.0.4, libtool 2.4.6,
flex 2.6.0, Bison 3.0.4, and Awk 4.1.3.
Configuration of Blazegraph. We configured it based on the
vendor’s official recommendations11 as well. For example, we turned
off all inference, truth maintenance, statement identifiers, and the
free text index in our experiment since reasoning efficiency was not
part of our research focus in this research.
Configuration of MongoDB. We used its default settings. We
set its level of profiling to 2 to log the data for all query-related
operations for precise and detailed query execution time extraction.

4.3.4.2 Indexes

Indexes have a major impact on the overall performance of a system.
Each system was configured with default values or recommendations
from the vendor.
Virtuoso. The default indexing scheme of both column- and row-
store Virtuoso was used, as highlighted on the official website: “alter-
nate indexing schemes are possible but will not be generally needed”12.
More specifically, Virtuoso’s data modeling is based on a relational
table with three columns13 for S, P, and O (i.e., S: Subject, P: Predi-
cate, and O: Object) and carrying multiple indexes over that table to

10http://vos.openlinksw.com/owiki/wiki/VOS/
VirtRDFPerformanceTuning

11https://wiki.blazegraph.com/wiki/index.php/
PerformanceOptimization

12http://docs.openlinksw.com/virtuoso/rdfperfrdfscheme
13In the case of loading named graphs, it adds another column for the context,

called C.

http://vos.openlinksw.com/owiki/wiki/VOS/VirtRDFPerformanceTuning
http://vos.openlinksw.com/owiki/wiki/VOS/VirtRDFPerformanceTuning
https://wiki.blazegraph.com/wiki/index.php/PerformanceOptimization
https://wiki.blazegraph.com/wiki/index.php/PerformanceOptimization
http://docs.openlinksw.com/virtuoso/rdfperfrdfscheme
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provide a number of different access paths. More recently, column-
store Virtuoso added columnar projections to minimize the on-disk
footprint associated with RDF data storage. Virtuoso (both row- and
column-store) creates the following compound indexes by default for
the loaded KG: PSO, PO, SP, and OP.
Blazegraph. As recommended on its official website14 we did not
change its default indexing schema. The indexes are based on the
“B+tree” data structure. Blazegraph typically uses the following
three indexes for the triples mode: SPO, POS, and OSP. For normal
use cases, these indexes are laid out on variable-sized pages. These
index pages are read from the backing store and loaded into main
memory on demand (i.e., into the Java heap).
MongoDB. We created indexes on the name/value pairs of the
JSON-LD that were representatives of subjects and predicates. The
default storage engine of MongoDB was used to store JSON doc-
uments, i.e., the WiredTiger key-value store. MongoDB uses the
binary equivalent, BSON, for each JSON document in which the
structure remains unchanged. Each JSON document is assigned a
unique, arbitrary identifier as the key, and the document itself is con-
sidered the value. Therefore, as MongoDB uses B-trees, it creates an
index on the name/value pairs of each JSON document.

4.3.4.3 Remarks on Bulk Loading and Measurement

To load the benchmark datasets into their respective databases, we
utilized native tools. Virtuoso (both column- and row-store) used
the native ld_dir bulk-loader function. In Blazegraph, we used
the native DataLoader utility15. Finally, in MongoDB, the native
mongoimport utility was called. Once the KG data was loaded into
the database, the benchmark queries were executed.

Query execution times were used to form the basis of our eval-
uation. We define query execution time computed as the time of

14https://wiki.blazegraph.com/wiki/index.php/
PerformanceOptimization

15Available online: https://wiki.blazegraph.com/wiki/index.php/Bulk_
Data_Load.

https://wiki.blazegraph.com/wiki/index.php/PerformanceOptimization
https://wiki.blazegraph.com/wiki/index.php/PerformanceOptimization
https://wiki.blazegraph.com/wiki/index.php/Bulk_Data_Load
https://wiki.blazegraph.com/wiki/index.php/Bulk_Data_Load
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(a) Subject-subject join (warm)

(b) Subject-subject join (cold)

Figure 4.1: Impacts of subject-subject join queries on the DMSs
(cold- and warm-run). X axes show DMSs and Y axes show the
execution time of each query in milliseconds (using log scale).

query submission to the time the result is output, representing the
end-to-end time of the requested query. After the execution of each
query, we verified the correctness of the output across multiple DMSs.
Query times for both cold (empty cache) and warm (warm cache) are
reported. For fairness, warm-run query times reported for each DMS
are averaged using the geometric mean over 5 successive runs (with
no delay between runs).

4.4 Exploratory Analysis

In this section, we present our experimental results. We also con-
duct a set of exploratory analyses to illustrate how efficiently major
existing (both native and non-native) RDF-stores perform to store
diverse RDF datasets and execute archetypal query types over them.
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4.4.1 Results

The experimental results highlight various query types and their per-
formance across the selective DMSs.

Subject-subject Joins. The query execution times are shown
in Fig. 4.1 in which the X axis represents the DMSs and the Y

axis shows the execution times in milliseconds (log-scale) of queries,
namely, FishMark-Q5, BowlognaBench-Q7, and WatDiv-Q7.
Fig. 4.1 highlights that MongoDB is able to execute highly-selective
queries of this type over one order of magnitude faster than other
DMSs. For example in the warm run, MongoDB executed FishMark-
Q5 in 2.19ms whereas BlazeGraph, column-store Virtuoso, and row-
store Virtuoso executed the same query in 394.24ms, 89543.81ms,
and 29045.86ms respectively. However, our results indicate that
Blazegraph performs at least 2x faster than other DMSs when subject-
subject join queries are low-selective as used in WatDiv-Q7. In
Fig. 4.1, the differences between cold- and warm-run show that Vir-
tuoso (row- and column-store) can take advantage of caching tech-
niques more than other DMSs. For example, Virtuoso (row and
column) executes BowlognaBench-Q7 in over 1500ms (cold-run)
while its execution time is around 150ms in a warm-run.

Subject-object Joins. The query execution times for the se-
lected subject-object join queries are shown in Fig. 4.2 in which the X
axis represents the DMSs and the Y axis depicts the execution time
of queries in milliseconds (log-scale), namely, BioBench-Allie-Q2,
WatDiv-Q21, and WatDiv-Q22. Although MongoDB executed
BioBench-Aliie2-Q2, a high-selective query, over 2 orders of mag-
nitude faster than other DMSs, it could not finish the execution
of WatDiv-Q21 and WatDiv-Q22 within the given time-out pe-
riod of 50,000 milliseconds. The complexity and non-selectivity of
these two queries may have contributed to the unsuccessful execution
over MongoDB. However, Fig. 4.2 also highlights that other DMSs
experienced comparable performance. For instance, WatDiv-Q21
executed over Blazegraph in around 570 milliseconds (warm-run),
where this execution time is equal to 118.38 and 374.6 milliseconds
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(a) Subject-object join (warm)

(b) Subject-object join (cold)

Figure 4.2: Impacts of subject-object join queries on the DMSs (cold-
and warm-run).

for column-store Virtuoso and row-store Virtuoso, respectively.

Tree-like Joins The query execution time for the selected tree-
like join queries is shown in Fig. 4.3. This figure reveals that row-
and column-store Virtuoso performed similarly for warm-run execu-
tion of BioBench-Allie-Q1 and FishMark-Q19 while Blazegraph
is around 5x slower. MongoDB appeared to be the slowest for warm-
run execution of BioBench-Allie-Q1 while its performance is com-
parable with Blazegraph for FishMark-Q19. BowlognaBench-
Q14 executed around 2 orders of magnitude faster using MongoDB,
as it contains a high-selective tree-like join query. The comparison
between cold- and warm-run execution of FishMark-Q19 can also
give rise to the importance of the role that caching techniques play
in query performance where MongoDB is the fastest in cold-run, but
in warm-run, it is almost the slowest (after Blazegraph).

Optional Joins. The query execution time for the selected op-
tional join queries is shown in Fig. 4.4 in which MongoDB outper-
formed other DMSs. The high-selectivity of the selected queries may
have been an important factor yielding MongoDB’s performance ad-
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(a) Tree-like join (warm)

(b) Tree-like join (cold)

Figure 4.3: Impacts of tree-like join queries on the DMSs (cold- and
warm-run).

vantage. Row-store Virtuoso was the slowest across others while
column-store Virtuoso performed over 3x faster than Blazegraph to
run these queries (warm-run). However, during the cold-run exper-
imentation, other than MongoDB’s performance advantage, Blaze-
graph performed slightly better than others when executing the BSBM-
Q2.

4.4.2 Analysis

The experimental results yield insight into the performance of the
selected DMSs when executing a range of query types. The results
highlight, however, that no single DMS proves superior in all bench-
mark scenarios, suggesting that a DMS should be selected and tai-
lored to the query types being executed.

4.4.2.1 Mapping Query Types and DMS types

MongoDB was shown to outperform other DMSs when executing
subject-subject joins, which is a product of storing all triples with
the same subject within the same document, effectively leading to
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(a) Optional join (warm)

(b) Optional join (cold)

Figure 4.4: Impacts of optional join queries on the DMSs (cold- and
warm-run).

only a single index lookup for this query type. Others, however, keep
intermediate results in memory (shown in Section 4.2) and perform
joins, typically hash joins as shown in both variants of Virtuoso and
Blazegraph, which lead to hindered performance.

Blazegraph offered a significant performance improvement with
subject-object joins, especially with cold-run queries. The literature
highlights the benefit of merge-join algorithms in these scenarios [52],
however, to the best of our knowledge there is no DMS that imple-
mented such a join integrated with their query processing engine. As
a result, the DMSs use an index nested loop join to support queries
of this type (see Section 4.2). The performance exhibited by Blaze-
graph may stem from the use of a B+-tree-based index nested loop
join that is more read-optimal compared to the bitmap index-based
used by Virtuoso. Similarly, the performance may also be a factor
in the accuracy of Blazegraph’s cardinality estimation, as it affects
the accuracy and selection of an efficient join-ordering.

Virtuoso (more specifically column-store) displayed increased per-
formance using tree-like join queries, which technically exhibit both
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subject-subject and subject-object joins. The performance relies on
the complexity and efficiency of the query optimizer. In the exper-
imental analysis, Virtuoso (column- and row-store) displayed bet-
ter performance under queries with low-selectivity. We speculate
that Virtuoso’s vectorized query execution model, along with well-
engineered query optimization engines, may explain the high per-
formance when compared to others. In addition, the column-store
variant of Virtuoso stores indexes more compactly, contributing to
less I/O and positive performance indications in tree-like joins.

4.4.2.2 Optional Joins and DMSs

There is no evidence to show that any of the four DMSs implement
specialized optimizations for optional joins. As a result, although
MongoDB showed better performance for running high-selective queries,
there was no significant difference in query performance observed
across all DMSs for low-selective queries. We note that both row-
and column-store Virtuoso integrate a compression strategy for stor-
ing KG datasets. Furthermore, bitmap indexing provides row- and
column-store Virtuoso with better space utilization as compared to
the B+-tree of Blazegraph (or MongoDB). In this regard, we specu-
late Virtuoso is likely to aggressively prune intermediate results and
perform faster than others for optional join query processing, espe-
cially for low-selective optional join queries.

4.4.2.3 The effects of scale

FishMark, BioBench-Allie, and BowlognaBench comprise fixed-size
datasets that cannot be scaled. In contrast, WatDiv and BSBM are
scalable and allow higher triples to be tested to show the effect of
scale. In this chapter, we reported the corresponding query time of
these two datasets with 100M triples. However, corresponding re-
sults for datasets with 10M and 100M are computed and available
online16. Our results indicate that the trends and performance dif-
ferences between DMSs remain almost unchanged at scale.

16Available at https://github.com/m-salehpour/cmp.

https://github.com/m-salehpour/cmp
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4.5 Lessons Learned

Locality. Column-store Virtuoso and MongoDB are designed to in-
crease data locality while storing KGs’ content more than others. In
the column-store Virtuoso storage model, each column of a table or
index is stored contiguously to provide physical adjacency. There-
fore, when queries (e.g., tree-like joins) need to access a subset of
columns from one table, only those columns actually being accessed
need to be read from the disk which can be culminated in better use
of I/O throughput and memory. This locality has the potential to
reduce the traffic between CPU cache and main memory and pro-
vide better CPU utilization. Similarly, MongoDB takes advantage of
data locality since all the triples related to one resource (i.e., a sub-
ject in the JSON-LD) are physically located together. We speculate
that such locality leads to denser data layout, more RAM locality,
and more CPU cache locality contributing to the increased overall
performance on high-selective KG queries.

Cache Efficiency. DMSs usually utilize their internal and un-
derlying file system cache memory for performance. When enough
free memory is available and allocated to DMSs, efficient utiliza-
tion of this memory for caching purposes can typically contribute
to faster warm-run query execution. When comparing the results of
different queries across the DMSs in cold and warm environments,
it suggests that column-store Virtuoso provides more effective cache
management. In applications with ad-hoc queries, the cache man-
agement may not impact the performance significantly, however, for
cases in which a number of queries are repeated periodically, em-
ploying suitable cache techniques can positively contribute to query
performance.

Intermediary Result. We note that the performance of dif-
ferent query types tends to be negatively affected by the size of the
query’s output, more specifically the intermediary results which pose
a challenge to DMSs. When a query type contains more than a single
triple pattern, DMSs usually have to scan large parts of indexes for
each triple pattern and join the result of these scans, which produce
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large intermediary results. We observed that even when the query
itself is very selective with small output, the size of the intermediary
results is still large.

4.5.1 Limitations

Our results indicate that no single DMS displays superior query per-
formance across different query types. These results are likely to
be generalizable. In our experiments, we had four archetypal query
types, however, there may be other query types as well that are to
be considered in the future.

Currently, the maximum size of each JSON document in Mon-
goDB is 16MB. It rejects JSON documents when their size exceeds
this value. Technically, the maximum document size in document-
stores helps ensure that a single document cannot use an excessive
amount of memory, but the JSON-LD representation of KGs might
be affected negatively by this. In our experiments, there were no
cases in which the document size exceeded the maximum value. How-
ever, in principle, the size of JSON documents may exceed the max-
imum document size depending on the KG content.

In our experiments, DMSs are implemented using different pro-
gramming languages. For example, Blazegraph is written in Java,
or Virtuoso is developed using C. We did not explore the effects of
each DMS’s underlying programming languages on its performance
although it is already recognized that some programming languages
like C can deliver high performance via low-level access to RAM
and flexible control over allocation and freeing of RAM [136]. We
speculate that Virtuoso was more benefited from these features since
it is written in C. In contrast, DMSs that are written in high-level
languages like Java (e.g., Blazegraph) can take advantage of type-
and memory-safety and convenient abstractions such as threads as
well as garbage collection (it may also consume more CPU time and
can cause delays) to further reduce memory bugs [136]. It would be
very expensive to re-write existing DMSs in the same programming
language (with the same level of optimality) to compare the effects
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of their architecture and design choices on query execution times in
a very controlled way. However, it is worth exploring different ways
in which the language helped the development of high-performance
DMSs for KG query execution and situations in which it was less
helpful.

4.6 Conclusion

In this chapter, we have explored the efficiency of major existing
RDF-stores and their performance when storing diverse RDF datasets
with archetypal query types being executed. In summary, we note
four key takeaways that provide insight into the performance of
DMSs in relation to query types and datasets:

• There are significant factors that relate to different DMSs and
query types, hinting that a DMS must be carefully selected
and tailored based on the data and queries in the deployment
environments.

• Performance advantages from underlying storage layout, such
as increased data locality and caching techniques, are evident in
tree-like join queries as shown by column-store Virtuoso. This
indicates that a DMS can benefit from caching and locality
techniques for performance in queries that require large reads.

• Evident in Blazegraph, the observed results highlighted the ef-
fectiveness of suitable cardinality estimation and efficient query
optimization on cold-run executions in subject-object join queries.

• Taking advantage of data locality and employing efficient data
structures such as B-trees for implementing indexes in Mon-
goDB can contribute to over one order of magnitude better
performance for executing subject-subject join queries, espe-
cially for queries with higher selectivity.



Chapter 5

High-performance
Knowledge Graph Query
Processing: A Polyglot
Model-based Approach

The growing size and variety of KG datasets have triggered the re-
search and development of a range of Data Management Systems
(DMSs). The workload of queries executed across this system has
also experienced a transformation to a diverse set of query types,
to the extent that the performance of representative DMSs tends to
vary significantly across diverse query types. We have seen in the
previous chapter (Chapter 4) that no single DMS shows dominant
performance across diverse KG query types. In this chapter, we ad-
dress the shortcomings by architecting a polyglot model of KG query
processing.
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5.1 Introduction

The growing diversity and size of KG content pose unique chal-
lenges to DMSs, not only to effectively store but efficiently query
KG datasets. The diversity also extends to the queries executed for
a range of applications running on these systems. Although there
have been proposals to address these challenges through the devel-
opment of a range of DMS types, the consensus seems to be that
a single one-size-fits-all DMS is unlikely to emerge for efficient KG
query processing [19, 45].

Our proposed solution builds upon the foundations inspired by
Ashby’s First Law of Cybernetics [58] and Stonebraker et. al. [59]
which can be paraphrased in this context to state that the variety in
solution architecture should be greater than or at least equal to that
of the variety displayed by the data and the queries. This can be
achieved through an architecture based on the polyglot model that
depicts query processing and a range of access languages supported
by a system design that analyzes the query being run and matches
to the likely best-performing database engine to execute the query.
From a conceptual standpoint, this model implies a requirement to
integrate multiple DMSs in a single system, supporting friction-free
translation across the different query and access languages to opti-
mize query execution performance.

We begin this chapter by presenting our extensible prototype,
SymphonyDB, a multi-database system providing a unified access
layer that can analyze and translate individual queries Just-In-Time
(JIT). By utilizing experimental results discussed in Chapter 4, show-
ing that certain DMSs exhibit higher performance for specific query
types, we have mapped different types of KG queries to the best-
performing DMS. SymphonyDB draws on this to match any given
query to the best-performing DMS among Virtuoso, Blazegraph,
RDF-3X, and MongoDB at this time. We then provide details of
the experimental setup in Section 5.3, in which Section 5.4 presents
the results of query processing and related analyses performed during
the experimental executions which include comparative performance
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Figure 5.1: A schematic view of SymphonyDB’s architecture

analysis of SymphonyDB against representative single DMSs with
different KG query types. Section 5.5 concludes this chapter and
presents closing remarks.

5.2 SymphonyDB: A Polyglot Model for Query
Processing

In this section, we present SymphonyDB, a prototype that provides
polyglot support for KG query processing. A schematic view of Sym-
phonyDB’s architecture is presented in Fig. 5.1. The proposed ap-
proach consists of three layers: access layer, query management, and
polyglot persistence. Users interact with the proposed approach like
they interact with any conventional single DMS. For example, a user
may send their workload issuing SPARQL queries. The proposed ar-
chitecture contains multiple DMSs internally where the query man-
agement layer has the responsibility of selecting one or more of the
employed DMSs that can best serve requests made by each user.
The query management layer directly uses the execution and storage
engines of the underlying DMSs in the polyglot persistence layer.
This enables the proposed approach to have full control of what
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gets executed and how. Currently, the polyglot persistence layer
includes Virtuoso, Blazegraph, RDF-3X, and MongoDB as represen-
tative DMS types. We give the details of the proposed approach’s in-
ternals below. An abstract overview of the interactions across DMSs
and the access layer is also expressed using the pseudocode in Algo-
rithm 1.

The polyglot access management layer is the entry point for
query processing over stored data, providing a unified query interface
for accessing the underlying KGs. This layer receives the incoming
SPARQL queries (shown by (1) in Fig. 5.1) and labels each query
based on its characteristics (shown by (2) in Fig. 5.1) into three
target categories, namely: subject-subject, subject-object, and tree-
like (line 1 in Algorithm 1). The labels are used for routing (shown
by (3) in Fig. 5.1) each query to one (or more than one) of the em-
ployed DMSs. After execution, query results are returned to the user
(shown by (4) in Fig. 5.1). We defer details of the labeling approach
to Section 5.2.2. After determining which DMS should be used for
each query (line 2 in Algorithm 1), a suitable JIT query translation
may be needed for further query execution (line 3-5 in Algorithm 1).
For example, the incoming query is written in SPARQL, but it is
labeled (and selected) to be run using MongoDB which cannot sup-
port SPARQL directly as an input query language. In this case,
the incoming query needs to be translated JIT into an equivalent
JavaScript-like query, MQL, to be executed over MongoDB. Han-
dling this JIT translation process is one of the responsibilities of the
access layer. The following sections describe the detail of each step.

5.2.1 Polyglot Database Management System Layer:
Storing KGs

Selection of the likely best-performing DMSs is important in max-
imizing the power of a multi-database system. Currently, column-
store Virtuoso, Blazegraph, RDF-3X, and MongoDB are included in
SymphonyDB. Recall that we experimented with Blazegraph, Mon-
goDB, column-store Virtuoso, and row-store Virtuoso in Chapter 4.
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Algorithm 1: SymphonyDB KG query processing
Input: SPARQL queries (applications’ workload)
Initialization: Let q be an incoming SPARQL query

1 qLabel←− Query_labeling(q)
2 DMS ←− DMS_select(qLabel)
3 if DMS == MongoDB then
4 q ←− Translate_MQL(q)
5 end
6 qResult←− Route_execute(q)
7 Return_result(qResult)

Figure 5.2: (a) An example of a subject-subject query pattern, (b)
an example of a subject-object query pattern, and (c) an example of
a tree-like query pattern

In our experiments in Chapter 4, column-store Virtuoso could load
datasets easier and achieve better performance than row-store Virtu-
oso in many cases. Therefore, we did not include row-store Virtuoso
in our prototype. Instead, RDF-3X was replaced to be included in
SymphonyDB. RDF-3X is selected since it is widely used in a range
of studies such as [45]. RDF-3X also has a number of interesting fea-
tures. For instance, it creates exhaustive indexes on all permutations
of triples along with their binary and unary projections. Its query
processor is also designed to aggressively leverage cache-aware hash
and merge joins. Our other selected DMSs are also broadly used in
many major projects.
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Figure 5.3: A simplified example in which an incoming SPARQL
query and its corresponding abstract syntax tree is depicted.

5.2.2 Polyglot Access Management: Query Labeling
and Execution

As mentioned in Section 2.4 of Chapter 2, each SPARQL query can
be classified into shape-specific categories. At this stage, we con-
fine our focus to the following query types: subject-subject, subject-
object, and tree-like queries. Examples of these types are also shown
in Fig. 5.2 where each node represents a variable. In general, each
query has a source variable as shown in Fig. 5.2 using nodes repre-
sented with solid black. Query patterns are typically recognizable by
the position of the source variable and the way that it is connected
to the other variables in a query (see Section 2.4 of Chapter 2 for
more details).

Inspired by [137], we utilize a heuristic-based approach to exploit
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the syntactic and the structural variations of patterns in a given
SPARQL query in order to label it. On this foundation, Sympho-
nyDB begins by finding the source variable of a given query, looking
for all immediate neighbor nodes with one edge distance away. From
there, it then iteratively visits nodes further away until all nodes
are visited, using a queue data structure to store visited nodes at
each stage. Upon finishing the traversal, the query will then be
labeled according to the characteristics of its variables and graph.
A subject-subject label is applied if all nodes are only immediate
neighbors of the source variable with one edge distance away like
Fig. 5.2 (a). Fig. 5.3 shows a simplified example in which an incom-
ing SPARQL query is parsed and its corresponding abstract syntax
tree is constructed. This query has two triple patterns represented
under BGP_1 and BGP_2. It also has two variables (i.e., journal and
yr. Of these, journal is the source variable and it is shared between
the two triple patterns (represented with two blue boxes) indicating
that this is a subject-subject join query. A subject-object label, how-
ever, follows a pattern where there is just one outgoing edge from a
node at each stage (starting from the source variable) where there is a
final node with no outgoing edge as depicted in Fig. 5.2 (b). Finally,
queries that contain a combination of both patterns are labeled as
tree-like (Fig. 5.2 (c)). In addition to the query patterns, Sympho-
nyDB checks the existence of modifiers as well, where modifiers are
keywords such as LIMIT that are recognizable by the query parser
and lexical analyzer implemented in SymphonyDB.

Drawing on our findings in Chapter 4 whereby we identified the
most appropriate DMS for each query type, the access management
layer employs the following heuristics to select one or more of the in-
tegrated DMSs. Queries are routed to both MongoDB and RDF-3X
if the following characteristics are present: (1) it contains only a sin-
gle triple pattern, (2) it is a query with subject-subject joins, (3) it
contains no modifiers in the query, and (4) it contains no optional
patterns. Alternatively, if a query contains subject-object joins, it is
routed to Blazegraph, and finally, all other queries (tree-like queries
with or without optional patterns) are routed to Virtuoso. As stated
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Figure 5.4: The query translation logic flow

previously, as an intermediate step, any queries being routed to Mon-
goDB must run through the JIT query translation to be translated
from SPARQL to MQL.

5.2.3 Polyglot Access Management: Query Transla-
tion

Query translation provides the extensibility for SymphonyDB to ac-
cess various DMSs with differing query languages. Currently, the
only integrated DMS that requires this functionality is MongoDB as
it provides its own query language MQL, which is a Javascript-like,
object-oriented imperative language. This contrasts with SPARQL,
a domain-specific declarative language [135], which is not supported
natively by MongoDB, however, it is feasible to map SPARQL to
MQL in most cases. Fig. 5.4 depicts the logic flow of SymphonyDB’s
JIT query translation, showing that each query is analyzed lexically
and tokenized based on the SPARQL query syntax. The lexical an-
alyzer dissects the SPARQL query into logical units of one or more
characters that have a shared meaning, often referred to as tokens.
For instance, “WHERE” is a token representing a keyword, whereas “.”
is an identifier and “=” is a sign. In parallel, it parses each query with
regard to the grammatical description of the SPARQL language to
generate the corresponding syntax tree. The semantic analyzer then
produces an operator graph containing information about projection
variables, join patterns, conditions, and modifiers. Finally, once the
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SPARQL MQL

Exists (<e1>) <e1>:{$exists:true}
Not Exists (<e1>) <e1>:{$exists:false}
(<e1> && <e2> ) {$and:[{<e1>},{<e2>}]
(<e1> || <e2> ) {$or:[{<e1>},{<e2>}]
!(<e1>) {$not:{<e1>}
(<e1> = <e2> ) {$eq:[{<e1>},{<e2>}]
(<e1> != <e2> ) {$ne:[{<e1>},{<e2>}]
(<e1> > <e2> ) {$gt:[{<e1>},{<e2>}]
(<e1> >= <e2> ) {$gte:[{<e1>},{<e2>}]
(<e1> < <e2> ) {$lt:[{<e1>},{<e2>}]
(<e1> <= <e2> ) {$lte:[{<e1>},{<e2>}]

Table 5.1: SPARQL expressions representation and their equivalent
MQL expressions

semantic analysis has been completed, heuristic techniques are used
to map the operator graph to MQL and translate the query.

Similar to [134, 135, 138], SymphonyDB maps each SPARQL
to MQL using a collection of rules. Table 5.1 shows SPARQL ex-
pressions and their equivalent MQL query string, along with an addi-
tional set of rules to map SPARQL query patterns to MQL illustrated
in Table 5.2. For example, to translate subject-subject join queries,
SymphonyDB uses the $match aggregation pipeline operator of Mon-
goDB to filter documents and pass a subset of the documents that
match the specified condition(s) to the next pipeline stage. It also
uses $lookup aggregation pipeline operator of MongoDB to translate
joins.
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KG Statistics

Sub. (#) Pre. (#) Obj. (#) Triples (#)

Allie 19,227,252 26 20,280,252 94,404,806
Cellcycle 21,745 18 142,812 322,751
DrugBank 19,693 119 276,142 517,023
LinkedSPL 59,776 104 719,446 2,174,579

Table 5.3: Characteristics of the KGs that were used to run the
experiments

5.3 Experimental Context and Platform

In this section, we report the experimental setup and details of the
KG benchmark datasets that are used in the experimental evalua-
tion in this chapter. This includes detailed information about DMSs’
configuration, indexing, data loading process as well as our compu-
tational platform. The query performance of SymphonyDB and a
range of DMSs are evaluated and presented below.

5.3.1 Evaluation Datasets and Queries

We select four well-known KG datasets with a collection of relevant
queries that are publicly available and used in previous studies as
well (e.g., [57, 139]). The datasets are as follows. Allie1 is a KG
surrounding life sciences, containing abbreviations and long forms
utilized within the field. Cellcycle2 contains orthology relations
for proteins consisting of ten sub-graphs constituting the cell cycle.
In our experiments, however, we integrated all ten sub-graphs into a
single KG dataset without modifying any content. DrugBank3 con-
tains bioinformatics and chemoinformatics resources which include
detailed drug (chemical, pharmacological, pharmaceutical, etc.) and

1Available from: http://allie.dbcls.jp/
2Available from: ftp://ftp.dbcls.jp/togordf/bmtoyama/cellcycle/
3Available from https://download.bio2rdf.org/files/current/drugbank/

drugbank.html

http://allie.dbcls.jp/
ftp://ftp.dbcls.jp/togordf/bmtoyama/cellcycle/
https://download.bio2rdf.org/files/current/drugbank/drugbank.html
https://download.bio2rdf.org/files/current/drugbank/drugbank.html
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comprehensive drug targets (sequence, structure and pathway in-
formation) in the dataset. LinkedSPL4 includes all sections of
FDA-approved prescriptions and over-the-counter drug package in-
serts from DailyMed. Table 5.3 depicts the statistical information
related to the above KGs.

We selected 17 representative queries5. Table 5.4 shows the clas-
sification of the 17 queries (see details of query types in Section 2.4).
A range of these queries have also been used in previous studies
(e.g., [22, 57, 139]).

5.3.2 Evaluation Platform

Computational Environment. Our benchmark system was a
physical machine with a 3.4GHz Core i7-3770 Intel processor, run-
ning Ubuntu Linux (kernel version: 4.15.0-91-generic), with 16GB of
main memory, 8 cores, 256K L2 cache, 1TB instance storage capac-
ity.
Data Management Systems (DMSs). Our DMSs: (1) column-
store Virtuoso (version 07.20.3230), (2) Blazegraph (version 2.1.6),
RDF-3X (version 0.3.8), and MongoDB (version 4.2.3). All or some
of these DMSs have also been used in previous studies such as [22, 45,
54, 57, 85, 102]. We configured these DMSs based on their vendors’
official recommendations. We did not change the default indexing
scheme of the DMSs. For MongoDB, we created indexes on those
name/value pairs of the JSON representations that were representa-
tives of subjects and predicates.

4https://download.bio2rdf.org/files/current/linkedspl/linkedspl.
html

5All queries are available through https://github.com/m-salehpour/
SymphonyDB/tree/master/queries

https://download.bio2rdf.org/files/current/linkedspl/linkedspl.html
https://download.bio2rdf.org/files/current/linkedspl/linkedspl.html
https://github.com/m-salehpour/SymphonyDB/tree/master/queries
https://github.com/m-salehpour/SymphonyDB/tree/master/queries
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Measurement. The query times for cold-cache are reported in the
next section. We dropped the cache before the execution of each
query. The output of each query was verified to ensure that output
results were correct and consistent across the different DMSs.

5.4 Results

The query execution times over the KGs are presented in Fig. 5.5
where the X axis shows the different queries and the Y axis shows
the execution times in milliseconds (log scale). These results sug-
gest that RDF-3X offers several orders of magnitude performance
advantages over others for queries with a single triple pattern (i.e.,
no join) and less complex triple patterns (e.g., no optional or com-
plex filtering patterns) such as Allie-Q1 and Allie-Q3-Allie-Q5. How-
ever, this DMS could not execute Allie-Q2 as fast as others. Note
that RDF-3X could not execute queries with complex triple pat-
terns or offset modifiers (e.g., Fig. 5.5b). In these cases, no value
is shown. Virtuoso exhibits around one order of magnitude bet-
ter performance to run complex queries containing a combination of
subject-subject and subject-object joins. As compared to Virtuoso,
Blazegraph showed relatively better performance to execute subject-
object join queries like Allie-Q4. MongoDB as a document-store
could execute all the queries. For subject-subject join queries like
DrugBank-Q1, DrugBank-Q2, and LinkedSPL-Q1, its performance
is comparable with others.

Our results indicate that the strength of SymphonyDB is that
it performs consistently across different datasets. Its performance
is almost equal to the fastest DMSs in all cases. More specifically,
SymphonyDB is consistently the second-best DMS (with a negligible
difference as compared to the best DMS) for executing all the queries.
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5.4.1 Discussion

In this section, we provide a discussion on the experimental results,
detailing further insight into the results, and providing key takeaways
for SymphonyDB.

5.4.1.1 Analysis: Performance Consistency

Although the results indicate SymphonyDB’s consistency across rang-
ing query types, various factors contribute to the performance dif-
ferences of SymphonyDB with other DMSs. SymphonyDB labels
queries based on strict characteristics and heuristics, such as the
number of triple patterns, modifiers, optional patterns, and a number
of query join patterns. This classification forms the basis for which
underlying DMS is selected to route the given query to. For instance,
Allie KG queries were routed to RDF-3X and MongoDB (after trans-
lation) as two of these queries contained the single triple pattern,
shown in Allie-Q1 and Allie-Q2, and others contained subject-subject
patterns with no modifiers or optional patterns. This analysis is es-
sential in routing queries to the best-performing DMS, even though
it imposes minor overheads.

The overhead of query labeling increases with the need for query
translation if routing to a DMS that requires this functionality. It is
plausible that this overhead influenced the performance of Sympho-
nyDB, justifying the performance difference between SymphonyDB
and the best execution time for each query. However, the significance
of these overheads can be overlooked due to the consistency in per-
formance across a range of query types exhibited by SymphonyDB.
Thus, the overheads observed as a result of labeling and transla-
tion are viewed as a small trade-off for added consistency in query
execution performance.

5.4.1.2 Insight: SymphonyDB as Common Ground

We have seen in Chapter 4 that efficient query processing across
diverse KG query types is moving beyond the limits of a single DMSs.
We have seen in this chapter that SymphonyDB enables applications
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1 SELECT *
2 WHERE {
3 ?subject ?style ?styleName .
4 ?subject type ?typeName .
5 }

Figure 5.6: An example SPARQL Query whose predicate is replaced
by a variable.

and users to be free from being tied to a single DMS (sometimes
referred to as being “locked in” [123]) to store their KG datasets and
process diverse queries over them. SymphonyDB as a multi-database
helps users to achieve consistent performance across the query types.

SymphonyDB is quite adaptive as new platforms are constantly
appearing and applications may emerge with new query types and
requirements. Therefore, SymphonyDB is designed to be extensible
and dynamic enough to adapt to these constant changes with lit-
tle effort. For instance, whenever a new DMS that displays better
performance than existing ones in executing a query type becomes
available, SymphonyDB can be extended to include the new one as
well to ensure that the likely best-performing data platform is always
selected for processing each query type. Similarly, SymphonyDB can
include more DMSs as a response to the emergence of new query
types or it can exclude its existing data platforms to respond to the
elimination of some of the existing query types in an application.

The emergence of KG-based applications and their ensuing query
types can influence the way query languages have to be designed.
In contrast to many conventional DMSs, SymphonyDB decouples
KG query processing from query languages. This was one of the
driving principles when designing SymphonyDB. For instance, this
separation allows users to express their subject-subject join queries in
SPARQL and execute them over MongoDB, without being concerned
about the query translation. This provides a unified abstraction for
data storage and access for multiple DMSs.
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5.4.1.3 Limitations

Although performance improvements were observed during experi-
mental conditions, there are a number of hindrances experienced by
multi-database environments that still pose challenges to increased
performance. Limitations experienced by SymphonyDB include:

i) Replication of KG datasets — As multi-database systems
employ multiple DMSs, it requires the datasets replicated on
each system. The number of replications is determined by the
number of DMSs utilized in the underlying layers, e.g. this
number is equal to four for SymphonyDB. For write-heavy ap-
plications, this replication can lead to increased latency during
write operations and therefore decreased write performance.
However, most KG applications tend to be read-mostly if not
read-only [44, 60]. Thus, write latency is not a concern in most
use cases.

ii) Efficiency of translations — All SPARQL queries may not
be translated to (efficient) MQL queries due to the dissimi-
larity between the expressiveness of SPARQL and MQL [134].
For instance, triple patterns whose predicates are replaced by
variables could not be translated into an efficient query for be-
ing executed over MongoDB (in most cases). Fig. 5.6 shows a
simple subject-subject join query expressed informally in pseu-
docode whose predicate is a variable (i.e., ?style). Currently,
SymphonyDB is not able to translate and allocate this query
to the likely best-performing DMS. In this research, we did
not have such queries and we carefully checked to ensure that
our JIT query translation can produce correct and efficient
MQL queries for the benchmark SPARQL queries. However,
future work entails further optimization and improvements on
the translation to ensure the optimality of the query.
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5.5 Conclusion

The growing interest in the use of KGs as well as the increases in
the size and variety of KG datasets have triggered the development
of a range of DMS types, including document, columnar, and graph
stores in addition to the relational. Over time, the query work-
loads executed on these DMS types have also become very diverse.
In Chapter 4, we have provided experimental evidence to show that
the performance of representative DMS types tends to vary signifi-
cantly across diverse query types and no single platform dominates
performance. From these foundations, we have mapped different
types of KG queries to the best-performing DMS under those condi-
tions Chapter 4.

In this chapter, we addressed some of the critical performance
challenges in the context of KGs by presenting our extensible pro-
totype, SymphonyDB, as an architecture that can achieve genuine
polygloty at the level of access languages and data persistence to
classify queries, analyze individual query types and match each to
the best-performing platform among Virtuoso, Blazegraph, RDF-3X,
and MongoDB as representative DMS types that are included in our
prototype at this time. The results of our experiments with the
prototype over well-known KG benchmark datasets pointed to the
efficiency and consistency of its performance across different query
types and datasets. Although a number of limitations are present,
the overheads observed are overlooked in favor of increased consis-
tency across a range of queries and become the focus for improve-
ments and future work.



Chapter 6

High-performance
Knowledge Graph Query
Processing: A Persistent
Memory-based Approach

In this chapter, we investigate the effects of emerging hardware de-
vices on RDF storage and indexing strategies. A closer look at
the existing RDF data management systems reveals that they trace
their roots to architectures and hardware devices from the 1970s.
For example, Virtuoso borrowed heavily from object-relational sys-
tems, RDF-3X and Blazegraph implemented different variations of
the legacy B-tree data structure to create exhaustive indexes for
KGs. In general, these systems were architected typically based on
the following design choices (i) disk-oriented persistent model, (ii)
disk-resident indexes, and (iii) in-memory buffer-pooling to reduce
latency. There have been a number of extensions over the past
years, ranging from supporting compression and columnar storage
to bitmap indexes and vectored execution, to name a few. However,
too little attention has been paid to the effects of emerging hardware
devices on RDF storage and indexing strategies. This is our focus in
this chapter.
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6.1 Introduction

As we have discussed in Section 2.5.2, RDF-stores can generally be
classified into non-native and native types [80]. Non-native RDF-
stores are built on top of existing DBMSs (relational, document-
store, etc.) for storing RDF data like [46, 48, 89, 90]. While uti-
lizing non-native systems like the relational DBMSs for RDF data
management is feasible in most cases, their performance is often in-
adequate as discussed in [44, 60, 95]. In contrast, native RDF-stores
are customized systems for the storage and retrieval of triples and
are built from scratch. These systems are typically designed based
on a “workload-independent” or index-everything storage scheme spe-
cific to the schema-relaxable (sometimes referred to as schema-free
or schema-last) feature of RDF data model. The performance of na-
tive RDF-stores is, in general, considerably better than non-native
systems [44].

In the workload-independent storage scheme, indexes and their
primary storage locations are critical to achieving good performance.
In this scheme, indexes are built over different permutations of the
three dimensions that constitute an RDF triple (see Section 2.5.4.2).
The data structure that is used to implement these indexes along
with the speed with which these indexes can be read from the primary
storage device play pivotal roles in the performance of native RDF-
stores.

Employing read-optimized data structures such as B-trees, sorted
vectors, and hash maps have been the common choices for index-
ing since most RDF datasets are read-intensive if not totally read-
only [44]. For the primary storage locations, disks (e.g., HDD or
SSD) and main memory (DRAM) are the typical options. Disk-
based devices only support bulk data transfers as blocks which tend
to be slow [61, 62]. This means that even for reading a single byte
of data stored on an SSD, a block of data (typically 4 KB) will be
transferred. This adversely affects random access to the indexes. To
decrease this access latency, an in-memory cache for blocks of triples
is typically maintained along with maximizing the number of sequen-
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tial reads and writes. In this case, special components are added to
data management systems which inevitably impose additional over-
heads. In contrast, a single byte can be quickly read from DRAM but
all data is lost in the event of a power failure. DRAM also consumes
more energy since it requires periodic refreshing to preserve data
even if it is not actively used. Its energy consumption can increase
by up to 40% of the overall power consumed by a server [61, 140].
Based on this, DRAM cannot be solely used as the primary storage
of indexes due to its volatility, high cost, and limited capacity [64].

Fortunately, emerging storage technologies such as Phase Change
Memory are reducing the fundamental gaps between main memory
and disk. Specifically, Intel’s Optane DC Persistent Memory Mod-
ules (Optane DC PMM) offers an appealing blend of the best prop-
erties of DRAM and disk. This Persistent Memory (PM) is durable
like disk and directly byte-addressable like DRAM [63, 141, 142, 143,
144, 145, 146]. PM enables us to directly and quickly persist any data
structure without the overhead of a file system [147]. PM’s price, ca-
pacity, and latency lie between DRAM and SSD [64, 65]. This allows
us to allocate larger spaces for holding indexes without the need for
reconstruction after a crash [66]. To the best of our knowledge, ef-
ficient indexing architectures for RDF data to better leverage PM
technology are not available at this time. A number of PM-based in-
dexes are currently available, with FAST&FAIR [148], bzTree [149],
DPTree [150], RNTree [151], FPTree [152], NV-Tree [153], wB+-
tree [154], and CDDS-Tree [155], being a few of the most recent
proposals. However, their main focus is on reducing the write cost
when updating the indexes [156]. This is not aligned with the rapid
read performance requirement of RDF data indexes. Our goal is to
propose an efficient indexing structure that is tailored to the charac-
teristics of RDF data and PM as the primary storage hardware.

We introduce RDFix, a specialized architecture for indexing RDF
data from the ground-up in which all data persist on PM. RDFix
aims to provide a high-performance and flexible access path by com-
bining old and new techniques such as employing a multi-layered
design inspired by [60] and the implementation of complete binary
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trees using static arrays. RDFix can be used to index the RDF data
in all the six possible ways, one for each ordering of the three RDF el-
ements. Given that most RDF datasets tend to be read-mostly if not
read-only [44, 60], RDFix employs two layers of static arrays to store
keys and a layer of lists to store associated values (see Section 6.2).
For instance, in the spo order, RDFix stores the prefix“sp” as the
key and “o” as the associated value. Utilizing a static array-based
architecture enables RDFix to retrieve each key in constant time
with minimum overhead. Typical of most access methods, RDFix
can be deployed as a stand-alone indexing structure, or embedded in
an RDF-store.

In this chapter, Section 6.2 presents the design and architecture
of RDFix including operations that it supports such as lookup. This
proceeds by providing experimental validation of RDFix where we
demonstrate its advantages for indexing diverse RDF datasets com-
pared to major read-optimized architectures such as B-trees, sorted
vectors, and hash maps over PM. Our experimental analyses show
that RDFix outperforms these indexing structures by at least a fac-
tor of 3 for performing lookup operations. These results also suggest
that RDFix is the superior access method for performing scan oper-
ations as it has the lowest overhead and the highest throughput. A
discussion of the space-time tradeoffs is also included. Needless to
mention, this superior performance is achieved by trading off more
memory (space). Finally, Section 6.5 concludes this chapter.

6.2 RDFix: Design and Architecture

We start with an overview of RDFix’s architecture. More details of
the operations that RDFix supports are included in Section 6.2.1. A
detailed explanation and rationale for the design choices in RDFix
are presented in Section 6.2.2.

RDFix is designed and developed for indexing RDF data in the
six combinations referred to earlier, one for each possible ordering of
the three RDF elements. We use “spo” indexing order as our running
example for the rest of this chapter. For instance, in this order, the
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Figure 6.1: Overview of RDFix’s structure for spo indexing order.
Layouts of the arrays and each list node are also shown in the red
boxes.

index structure centers around s (subject) playing the role of the
header to access its associated elements p (predicates) followed by o
(objects). Fig. 6.1 depicts the RDFix architecture for this order. This
shows that a number of arrays and lists are used to store predicates
and objects (respectively) that are associated with each subject in
the first layer array.

We allocate memory on PM for the first and second layer arrays.
More details about the space consumption of each layer are shown
in Fig. 6.2 in which the first layer’s array length is at least equal to
the number of unique subjects in the RDF data ( 1 in the figure).
Each cell of this array points to an array in the second layer (i.e.,
2 ) whose length is equal to the number of unique predicates in the
RDF data (see 3 ). Based on this, the total number of allocated
arrays in the second layer is equal to the number of unique subjects
( 4 ). Each cell of an array in the second layer itself points to a list in
which all the associated objects are stored ( 5 ). Each list is a single
linked-list in which each node stores an object along with an 8-byte
next pointer to point to the successive node if multiple objects are
associated with a subject-predicate pair. As a result, the number of
nodes in each list is equal to the number of objects that are associated
with each subject-predicate pair ( 6 ). As shown in the list layer, the
total number of nodes across all lists is equal to the total number
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Figure 6.2: Space consumption of RDFix for spo indexing order.

of triples in the RDF data (see 7 ). Analogous structures can be
materialized for each of the other five indexing structures.

To allocate memory on PM for the first and second layer arrays,
we assume that the total number of unique subjects and predicates
are known a priori (otherwise, upperbounds need to be estimated).
After the allocation of memory for the arrays, the triples can be
stored. To this end, we sort the RDF dataset and employ a dictionary
encoding technique similar to that of [41, 44, 60, 157] for mapping
string literals of RDF elements to sequential integer ids. The benefits
of this mapping include: (1) compressing the index structure on PM
and (2) providing a simplification for operations such as lookup since
matching ids is typically faster than text matching. In addition, the
associated ids are used to directly access the arrays’ cells in constant
time. For instance, if a subject is mapped to n (as integer id), then
the nth cell in the first layer array stores this subject. This cell
then plays the role of the header to access its associated elements
(e.g., predicates and objects in Fig. 6.1). The same technique is used
to directly access the cells of the second layer arrays in which each
array contains multiple pointers. These pointers point to a list node
storing associated values (objects). After the memory allocation on
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PM, inserting a node in the list layer involves just modifying the
8-byte next pointers. RDFix allocates the space for each list node
through The Persistent Memory Development Kit (PMDK)1 which
is the de-facto standard toolkit to interact with and allocate memory
on PM.

As the collation order in each of the six indexing orders is different
(e.g., spo, sop, osp, etc.), we use a generic terminology for referring
to the different RDF elements of each indexing order, for the rest
of this chapter. For instance, we use v1, v2, and v3 to represent
the first, second, and third elements (respectively) of each indexing
order. For instance, v1, v2, and v3 will represent predicate, subject,
and object values respectively in the pso order.

Figure 6.3: Process of insert operation.

6.2.1 Operations

We describe the operations, namely, insert, lookup, range scan, delete,
and update in this section. These operations are sometimes referred
to as “interfaces” or “standard ” key-value operations [149].

6.2.1.1 Insert

This operation (sometimes referred to as put) stores a triple of the
form <v1,v2,v3> where v1 and v2 can be viewed as a key pair and v3

1http://pmem.io

http://pmem.io
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as the associated value. Fig. 6.3 (a) shows the steps to insert a new
triple where the elements of the given triple of the form <v1,v2,v3>
are first mapped to integer ids of the form <id1,id2,id3> (respec-
tively) using the dictionary encoding technique ( 1 ). After this, id1
is used to access the first layer array’s cell (representing v1) ( 2 ) and
id2 to access the associated array’s cell (representing v2) in the sec-
ond layer ( 3 ), pointing to the list layer. We create and insert a new
node into the list layer to store id3 ( 4 ). Fig. 6.3 (a) shows the case
in which id3 is the first value that is stored and associated with the
key pair <id1,id2>. Fig. 6.3 (b) shows the other case in which id3
is not the first value that is associated with the key pair <id1,id2>.
In the second case, steps 1 to 3 are still the same as the previous
case. In contrast, we place the newly created node as the first node
in the existing list ( 4 ). To achieve this, we set the next pointer of
the newly created node to point to the first node of the list and up-
date the pointer in the predecessor array’s cell to point to the newly
created list node ( 3 ).

When a triple is inserted, it is not immediately written persis-
tently to the PM device. Instead, it is buffered in the regular on-CPU
cache. To store it persistently on PM, the triple should be flushed
out from the CPU cache to the PM. In RDFix, two flushes are needed
for each insertion operation. One is to persist the newly created list
node (including the next pointer that links it to the potential next
list node). The other one is to persist the pointer of the predeces-
sor array’s cell in the second layer (to make the newly created node
accessible).

Given that most RDF datasets tend to be read-mostly if not read-
only [44, 60], RDFix utilizes a concatenation of static arrays as its
main data structure. This imposes minimum overhead on RDFix
to insert the triples. In this context, the overhead (sometimes re-
ferred to as “structural modification operations”) refers to inevitable
operations internal to the indexing architecture to ensure that the
invariants of the underlying data structure hold, or to improve per-
formance. For instance, when the nodes in a B-tree overflow (e.g.,
during insertion) or underflow (e.g., during deletion), node splits
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Figure 6.4: Process of lookup operation for a given single key <v1>.

or merges are inevitable internal operations to re-establish the in-
variants of a B-tree. In other data structures like hash maps, re-
hashing is the inevitable internal operation to keep the average cost
per lookup constant as the data size grows. However, the concate-
nation of static arrays to store each key pair provides RDFix with
minimal structural overhead when inserting triples.

6.2.1.2 Lookup

We consider two common scenarios for performing lookup operations.
The first is to retrieve all associated values with a given key pair
<v1,v2> while the second is to search for all associated values with
a given single key <v1>.

In the first scenario, a key pair of the form <v1,v2> is given as
input. To perform lookup operation, we map this pair to integer ids of
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the form <id1,id2> using the dictionaries. We then find the related
entry in the first layer array using id1 through which we can access
the associated array in the second layer where the pointer to the
target list can be fetched. If the key pair has already been inserted,
the associated values will be returned by performing a sequential
scan on the unsorted list space. Otherwise, NULL will be returned.
In the second scenario, the given key, <v1> (as the input) is mapped
to an id (e.g., id1) using the dictionary as shown in Fig. 6.4 ( 1 ).
We find the related entry in the first layer array ( 2 ) through which
we can search all of its associated values by traversing the array in
the second layer ( 3 ) and following the pointers to the all target lists
to return all the associated values ( 4 ).

6.2.1.3 Range Scan

This operation typically takes two key pairs k1 and k2 as inputs
and returns all associated values if their keys are within the specified
range (i.e., |k2 - k1|). There are similarities between performing a
range scan and the lookup operations. A range scan is implemented
using an iterator. We first perform a lookup operation to find the
starting entry at k1 and then traverse the associated list layer to
return all stored values. We continue probing in an incremental way
to the next key pair in the sequence and return associated values
until the given range is scanned, or the user terminates the iterator.
RDFix supports both forward and backward range scans. In the case
of backward range, the next key pair in the sequence is probed in a
decremental way instead.

6.2.1.4 Delete

This operation removes the value associated with a specified key pair
from the index (we assume that the deletion of the key pair itself is
rarely needed). Fig. 6.5 (a) shows the required steps to perform this
operation. Similar to the lookup operation, we first use id1 and id2
as the key pair to locate the the predecessor array cells (steps 1 to
3 ). We then delete the target list node, 4 in Fig. 6.5 (a). After
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Figure 6.5: Process of delete operation.

this, we update the pointer in its predecessor cell ( 3 ) to point to
NULL. In the case that more than one value is associated with the
key pair, we need to modify the next pointer of nodes in the list. For
instance, if the targeted node is the first node of the list we modify
the next pointer of its predecessor to the next node and then delete
the targeted entry, as shown by 4 in Fig. 6.5 (b).

6.2.1.5 Updates

Following [44], the four assumptions in designing the update opera-
tion for RDFix are: (1) when RDF datasets are bulk-loaded, queries
are far more frequent than updates, (2) updates are mostly inser-
tions of new values, (3) overwriting existing keys are rarely needed,
and (4) updates can be staged, batched, and performed as incre-
mental loading. As discussed in [44, 60], it is reasonable to make
these assumptions. Based on this, RDFix can be viewed as a read-
optimized index architecture with good support for efficient online
updates of associated values with existing key pairs like adding new
values, deleting, or modifying previously stored ones. If the given
key exists in the indexing architecture, RDFix performs an update
to that key. This is the common approach to adding new values in
most indexing architectures and is sometimes referred to as “upsert”
operation [149]. Nonetheless, depending on the user requirement,
delete and insert operations can be combined to replace a value.
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Due to the aggressive static array-based architecture that RDFix
uses for fast querying, online updating of key pairs after the initial
index creation (once the RDF dataset is bulk-loaded) will be part of
our future work. Inspired by [44], we plan to support direct updates
to key pairs by means of a staging architecture where these updates
are deferred, and instead applied to compact differential indexes and
later merged into the main indexes in a batched manner.

6.2.2 Rationale

Space utilization. RDFix places all indexes on PM and only the
mapping dictionaries in DRAM. A copy of these dictionaries is also
placed on PM for recovery purposes. As a result, it may consume ex-
tra DRAM space. However, the benefits of replacing all string literals
of RDF elements by ids include: (1) it compresses the index struc-
ture on PM, and (2) it provides a simplification for operations such
as lookup since matching ids is generally faster than text matching.
Employing two mapping dictionary indexes is a small cost to bear.
During operation translation, the literals occurring in the request are
translated into their dictionary ids, which can be done with a stan-
dard ordered list from strings to ids. After processing the operation,
the resulting ids have to be transformed back into literals as output
to the user.

Performance. Apart from the above-mentioned benefits, the
use of the dictionary mapping technique enables us to utilize static
arrays and provides RDFix with the constant access time when look-
ing up triples. The related benefit of using static arrays is high cache
locality since the entries occupy contiguous memory locations. In ad-
dition, there is no need to shift the entries of the array layers on PM
when performing insert/delete operation as it is often needed in dy-
namic data structures like B-tree (e.g., by merging or splitting tree
nodes to keep it balanced).

In RDFix, the static arrays to store key pairs play the role of
headers to access associated values in the list layer. The element-
based storage of associated values using a linked-list provides RDFix
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with a simple yet concise and efficient way of handling multi-valued
RDF elements. The list nodes own their separate memory locations
on PM and operations on their stored values can be performed by
simply manipulating the next pointers.

Durability. RDFix persists all data items on PM (as well as
the dictionaries) to preserve it across system failures. It does not
need to employ a specific recovery algorithm. RDFix instead relies
on the recovery algorithms of the persistent memory allocator (i.e.,
PMDK) to avoid persistent memory leaks and ensure recoverability.2

In short, RDFix first requests the allocation of a memory chunk. The
allocator updates the chunk’s meta-data to indicate that it has been
allocated and returns it (to RDFix). RDFix owns the memory only
after the allocator has successfully persisted the address. This de-
sign is already employed by many existing PM-based access methods
like [149].

6.3 Experiments

We have implemented RDFix in C and assessed its performance.3 In
this section, we describe the experimental setup (in Section 6.3.1).
We proceed by evaluating the performance of RDFix in comparison
with the widely-used indexing architectures for RDF data, namely,
B-tree, hash map, and sorted vectors (Hexastore) in Section 6.3.2. A
discussion of space-time tradeoffs between these indexing architec-
tures is included in Section 6.3.3.

6.3.1 Setup

Hardware Platform. We ran our experiments on a machine with
the actual PM (not prototyped or simulated), i.e., Intel Optane DC

2Please note that creating a safe and correct persistent memory allocator (as
discussed in [147]) is outside of the scope of this thesis.

3The source code and data have been made available at https://github.
com/m-salehpour/RDFix.

https://github.com/m-salehpour/RDFix
https://github.com/m-salehpour/RDFix
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Description

CPU

Type 2x Intel Xeon Gold 6230 (3.9 GHz)
# of cores/threads 20/40

Caches L1: 1.3MB Icache, 1.3MB Dcache
L2: 40MB, L3: 55MB

MEM

PM Capacity 1TB (8 modules, NMA1XBD128GQS, 2.6GHz)
PM Read Latency 1399 ns (rnd/4K/1job/1 PM-Module/lat-avg)

PM Write Bw 2211 MB/s (rnd/4K/1job/1 PM-Module)
DRAM Capacity 128GB

OS
Release Version Ubuntu 20.04.2 LTS

Kernel 5.4.0-73-generic

Table 6.1: Description of the evaluation platform.

Persistent Memory4 and the second-generation Xeon Scalable proces-
sors. Optane DCPMMs were configured in 100% AppDirect mode
(aka, DAX) in which software packages have direct byte-addressable
access to PM [158]. Table 6.1 reports the relevant details of the test
machine. The eight Optane DCPMM modules were evenly attached
to two CPU sockets (i.e., each CPU socket owns four modules). We
used two of these modules attached to the same CPU socket in our
experiments. As part of our evaluation, applications accessed PM by
using a PM-aware file system (e.g., XFS-DAX) to manage the PM
device. We relied on the basic interfaces of PMDK (e.g., pmemo-
bjalloc()) to allocate the PM space. We allocated PM space only
from each local PM device since [159] has shown that cross-NUMA
accesses to Optanes impact overall performance negatively.

Baseline Systems. We compared RDFix with other read-optimized
indexes, namely, B-tree5, hash map6, and sorted vectors (Hexas-
tore [60]). These systems were selected because the use of data struc-
tures like sorted vectors and B-trees for indexing the RDF data is
widely accepted as contributing to good performance at this time [114].
We used the PM-based implementations of B-tree and hash map pro-

4https://www.intel.com.au/content/www/au/en/
products/memory-storage/optane-dc-persistent-memory/
optane-dc-128gb-persistent-memory-module.html (April 2021)

5https://github.com/pmem/pmdk/tree/master/src/examples/
libpmemobj/tree_map (April 2021)

6https://github.com/pmem/pmdk/tree/master/src/examples/
libpmemobj/hashmap (April 2021)

https://www.intel.com.au/content/www/au/en/products/memory-storage/optane-dc-persistent-memory/optane-dc-128gb-persistent-memory-module.html
https://www.intel.com.au/content/www/au/en/products/memory-storage/optane-dc-persistent-memory/optane-dc-128gb-persistent-memory-module.html
https://www.intel.com.au/content/www/au/en/products/memory-storage/optane-dc-persistent-memory/optane-dc-128gb-persistent-memory-module.html
https://github.com/pmem/pmdk/tree/master/src/examples/libpmemobj/tree_map
https://github.com/pmem/pmdk/tree/master/src/examples/libpmemobj/tree_map
https://github.com/pmem/pmdk/tree/master/src/examples/libpmemobj/hashmap
https://github.com/pmem/pmdk/tree/master/src/examples/libpmemobj/hashmap
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Name Scale #Sub #Pre #Obj #Tri Stru

BSBM
100K 9,875 40 24,220 97,795 0.94
1M 83,741 40 166,897 892,853 0.94
10M 808,154 40 1,085,287 8,798,389 0.95

LUBM
100K 17,175 18 13,948 100,545 0.98
1M 183,426 18 137,923 1,124,616 0.97
10M 1,728,834 18 1,287,846 10,629,578 0.98

SP2Bench
100K 19,369 58 50,267 100,073 0.73
1M 187,066 67 422,646 1,000,009 0.76
10M 1,730,250 77 2,558,828 10,000,457 0.71

Table 6.2: Statistics of the benchmark datasets. Sub stands for
subjects, Pre: predicates, Obj: objects, Tri: triples, and Stru: struc-
turedness.

vided as open-source by Intel. Their code is used without changing
the default settings like the order and the minimum number of keys
per node in the B-tree and hashset thresholds and coefficients in the
hash map. Please note that most native RDF-stores use the B+-tree,
a B-tree variant where the data is stored entirely in the leaves and
the internal nodes hold pointers to the leaf nodes. We used B-tree
since employing B+-tree is useful in a block-addressable disk-based
setting but not in the byte-addressable devices like main memory or
PM as discussed in [160]. We also compared the performance of RD-
Fix with that of Hexastore. Two layers of sorted vectors and a layer
of lists were utilized by Hexastore to index RDF data (more details
in [60]). To the best of our knowledge, its source code is not publicly
available. We implemented a PM-compatible version of Hexastore
based on the original design presented in [60]. The single-threaded
version of all the four systems is used in our experiments.

Benchmark Datasets. We generated datasets using BSBM [54],
LUBM [161], and SP2Bench [162] packages ranging from 100K triples
(around 50MB on disk) to 10M triples (around 2GB on disk) to illus-
trate the scale effects on the performance of different operations. Ta-
ble 6.2 reports the relevant statistics on these datasets including the
number of unique subjects, predicates, objects, and the total number
of triples as well as their structuredness measures. These datasets
display different levels of structuredness, an RDF data-related con-
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cept introduced in the previous chapters (see Section 2.2.3). We
included more details about structuredness and discussed its rela-
tionship to space consumption of RDFix as part of the performance
evaluation of insert operation in Section 6.3.2.1.

6.3.2 Measurement and Results

We conducted experiments to analyze the overall performance of
RDFix and the other systems. This is based on operations that
are explained in Section 6.2.1. Execution times for all the operations
were averaged over 5 consecutive runs. Geometric mean7 of the times
are reported in this section.
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Figure 6.6: Execution times (log scale) of insert (aka, put) operations
for the different datasets and scales.

7We used Geometric mean – the nth root of the product of n numbers – instead
of the arithmetic mean since it typically provides a more accurate reflection of
the total speedup factor [89].
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6.3.2.1 Insert

To perform insert operation, we first need to allocate memory on
PM for the first and second layer arrays. We assume that the total
number of unique v1 (i.e., the total number of unique subjects in
spo order as our running example) and the total number of unique
v2 (e.g., the total number of unique predicates) are known a pri-
ori (otherwise, upperbounds need to be estimated). Following the
memory allocation, triples can be stored by performing the insert
operation. We computed the execution time by storing all triples of
an RDF dataset which can be viewed as performing a bulk load op-
eration. This is an end-to-end time that is computed from the time
of reading the first triple from an RDF/N-Triples input file (which
is also stored on PM) to the time of storing the last triple on PM.
For RDFix, the time consumed for the initial memory allocation is
also included. Fig. 6.6 shows the execution times (log scale) of the
four systems to store triples using our running example (spo order)
at different scales. The X axes show the datasets and the Y axes
show the execution times in seconds (log scale). As can be seen,
RDFix is faster than the other systems. Hexastore has the closest
execution time (up to 30% slower) followed by B-tree and hash map
(over 2x and 3x slower than RDFix, respectively). This trend held
at different scales.

The structural overhead of dynamic data structures (like B-trees)
plays a major role in the performance of the insert operation. This
overhead (sometimes referred to as structural modification opera-
tions) refers to inevitable operations internal to the indexing archi-
tecture to ensure that the invariants of the underlying data structure
hold or to improve performance. For instance, when the nodes in a
B-tree overflow (e.g., during insertion), node splits are inevitable
internal operations to re-establish the invariants of the indexing ar-
chitecture. In hash map, re-hashing is the internal operation to keep
the constant average cost per further lookup when data size grows.
In contrast, the concatenation of static arrays to store key pairs en-
abled RDFix to achieve minimal structural overhead. As mentioned
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earlier, we used Intel’s implementation of B-tree and hash map with-
out changing the default settings like the order and the minimum
number of keys per node in B-tree and the hashset thresholds and
coefficients in hash map. Tuning these settings can affect the in-
sert operation performance but it may impose a cost on the lookup
operation. Based on this, we decided to not change the default set-
tings. In addition, we sorted the N-Triples input file (in the order of
spo) before performing the insert operation which helped almost all
systems to uniformly exhibit faster execution times.

Subsequent to storing all triples of the datasets, we evaluated the
space consumption of the four systems on PM. Consistent with our
expectations, RDFix consumed more space than the other systems.
RDFix used around 3085KB to store the keys of the BSBM-100K
dataset compared to approximately 1100KB for hash map, 940KB for
B-tree, and 750KB for Hexastore. The space consumption of RDFix
depends on the total number of unique v1 and v2 (i.e., #v1 × #v2).
Based on this, in the spo order, the space consumption of RDFix
depends on the total number of unique subjects and predicates (i.e.,
#subjects × #predicates). For the other systems, this depends on
the number of unique v1-v2 pairs in an RDF dataset. The space
that is consumed for storing dictionaries and associated values is the
same across all the systems and is not included. RDFix used around
4x more space than the most compact one in storing BSBM-100K.
This difference is approximately 3x and 9x in storing LUBM-100K
and SP2Bench-100K, respectively.

It turns out there is a relationship between the structuredness of a
dataset and the space consumption of RDFix. As defined in [50], the
structuredness of a dataset D with respect to a type T is determined
by how well the instances in D conform to type T. For example, an
academic dataset may contain different types such as “Professors”,
“Students”, and “Courses”. It may have “Professor1”, “Student101”,
and “COMP100” as instances. If each instance in D sets values for
most (if not all) of the predicates of T, then all the instances in
D have a similar structure that conforms to T. In other words, the
structuredness of T is affected by the sparsity of its predicates across
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instances. Any RDF dataset’s level of structuredness can be quan-
tified by a normalized value in the [0, 1] interval, with values close
to 0 corresponding to low structuredness, and 1 corresponding to
high structuredness. In an RDF dataset with high structuredness,
we expect that for any two instances of the same type, the instances
have exactly the same predicates. Based on this, the more structured
the dataset, the less the difference between the space consumption
of RDFix and the other systems.

6.3.2.2 Lookup

This operation takes a key and returns the associated values if the key
has already been inserted. Otherwise, NULL will be returned. We
consider two common scenarios for performing the lookup operation.
The first is to retrieve all associated values with a given key pair
<v1,v2> while the second is to look for all associated values with a
given single key <v1>. Based on this, we evaluated the performance
of the lookup operation as follows: (i) performing 1M, 10M, and 100M
individual lookup operations in which both <v1,v2> are randomly
generated, and (ii) performing 1M, 10M, and 100M individual lookup
operations in which only <v1> is randomly generated. More details
about these two scenarios were presented in Section 6.2.1.2.

Fig. 6.7 (a)-(c) show the execution times over 100K triples. Fig. 6.7
(d)-(f) and Fig. 6.7 (g)-(i) show the execution times over 1M and 10M
triples respectively. RDFix was faster than the other systems. Hex-
astore had the closest execution times (up to 4x slower) followed by
hash map and B-tree (approximately 7x and 16x slower than RD-
Fix, respectively). The higher differences between execution times
were observed when higher number of operations were performed
like 100M lookup operations in Fig. 6.7 (c) versus 1M operations in
Fig. 6.7 (a). The execution times were increased at larger scales for
all the systems. However, the performance differences and the trend
remained almost unchanged, e.g., Fig. 6.7 (a) versus Fig. 6.7 (g).
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It is clear that the minimal overhead of chasing pointers as well as
the efficient use of CPU cycles contributed to RDFix’s superior per-
formance to perform lookup operations. To measure this, we added
the clock function of C to the systems’ source code to measure the
processor time consumed by the execution of the lookup operations.
The clock function returns clock ticks that are units of time of a con-
stant but system-specific length. It computes the number of clock
ticks elapsed since an epoch related to the execution of the lookup
operations for each system. Based on this, RDFix exhibited the most
efficient use of CPU cycles across all the systems. We also double-
checked the correctness of this measurement by using the perf tool.

Fig. 6.8 shows the execution times of different systems to per-
form lookup operations for randomly generated <v1> at different
scales. Fig. 6.8 (a)-(c) show the execution times in seconds (log scale)
over 100K triples. Fig. 6.8 (d)-(f) and Fig. 6.8 (g)-(i) show the ex-
ecution times over 1M and 10M triples respectively. Similar to the
first scenario, RDFix is faster than the other systems followed by
Hexastore with the closest execution time along with hash map and
B-tree holding the third and fourth places, respectively. In contrast
to the first scenario, the performance gap is higher. Hexastore is up
to 15x slower than RDFix. Hash map and B-tree are even slower as
can be seen in Fig. 6.8 (c). The execution times were higher at larger
scales for all the systems. However, the performance differences and
the trend remained the same, e.g., Fig. 6.8 (a) versus Fig. 6.8 (g).
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We have already pointed out that the efficient use of CPU cy-
cles and pointer chasing played major roles in the better perfor-
mance of RDFix. In addition, allocating contiguous memory loca-
tions for storing entries had positive effects on performing lookup
operations under the second scenario. This design can take advan-
tage of a higher cache locality with fewer cache misses. We compared
the number of cache misses while performing the lookup operations.
RDFix showed the minimum number of misses followed by Hexas-
tore (e.g., with around 3x more LLC-load-misses) along with B-tree
and hash map (over 6x more LLC-load-misses). We gathered perfor-
mance counter statistics of the systems (the average of 5 successive
runs after compiling the C code with -O3 parameter) to measure
the misses. We used the perf tool with stat -a -e LLC-loads -e

LLC-load-misses -e LLC-stores -e LLC-store-misses events along
with taskset command to set the CPU affinity and avoid cross-
NUMA accesses as well as nice command to ensure that the Linux
kernel launches the systems with higher scheduling priority to pre-
vent from potential negative effects of context switching on the cache
misses. We also qualified the events with :u (e.g., LLC-load-misses:u)
to measure the misses without taking kernel-mode events into ac-
count. The advantage arising from the cache spatial and temporal
locality (due to array-based design) is a factor in RDFix’s perfor-
mance.

6.3.2.3 Range Scan

This takes two keys k1 and k2 as inputs and returns all associated
values where their keys are within the specified range (i.e., |k2 -
k1|). Fig. 6.9 shows the execution times of the systems to perform
100M individual range scan operations for randomly generated range
[k1, k1+1000] (using the spo order) at different scales. We searched
the systems for a random key k1 (similar to the second lookup sce-
nario) and then retrieved an additional 1000 keys as our range. As
already discussed, factors like occupying contiguous memory loca-
tions (higher cache locality with fewer cache misses), the efficient use



6.3 Experiments 153
E

xe
cu

tio
n 

tim
e 

(s
ec

)

1
10

100
1000

10000
100000

1000000

BSBM LUBM SP2Bench

RDFix B-tree hash map Hexastore

(a) over 100K triples

1
10
100
1000
10000
100000
1000000

BSBM LUBM SP2Bench

RDFix B-tree hash map Hexastore

(b) over 1M triples

1
10
100
1000
10000
100000
1000000

BSBM LUBM SP2Bench

RDFix B-tree hash map Hexastore

(c) over 10M triples

Figure 6.9: Execution times (log scale) of 100M individual range scan
operations for randomly generated range [k1, k1+1000] at scale.

of CPU cycles, and fewer pointer chasing helped RDFix to achieve
faster execution times to perform range scans.

In addition to the above-mentioned factors, sequential access to
PM for performing range scan operations contributed to the RDFix’s
better performance. This is consistent with findings of other studies
like [163, 164]. More details of the effects of sequential access to PM
can also be found in [64]. Moreover, Intel mentioned8 that the Op-
tane DIMM adopts an on-DIMM buffer structure and [165] showed
the positive effects of this buffer on the read latency. Based on this,
we speculate that the built-in buffer structure of PM helped RDFix
to perform range scan operations more efficiently.

6.3.2.4 Delete

This operation removes the value associated with a specified key
<v1> (or a key pair <v1,v2>). It first finds the given key and then
deletes the targeted associated values. We performed 10K individual
delete operations for randomly generated <v1> using spo order at
different scales to illustrate the systems’ delete performance. Fig. 6.10
shows the results. Once again, RDFix exhibited faster execution
times. Hexastore was the closest system followed by hash map and
B-tree. Consistent with our initial expectations, efficient searching
for the given key played a major role in the faster execution of the
delete operations. Performing a delete operation tends to be slower
than a lookup operation (approximately 2x slower). This can be

8https://www.intel.com/content/www/us/en/
architecture-and-technology/optane-dc-persistent-memory.html (April
2021)

https://www.intel.com/content/www/us/en/architecture-and-technology/optane-dc-persistent-memory.html
https://www.intel.com/content/www/us/en/architecture-and-technology/optane-dc-persistent-memory.html
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Figure 6.10: Execution times (log scale) of 10K individual delete
operations for randomly generated <v1> at scale.

attributed to the write latency of PM since each delete operation
incurs flushes to persist the changes after performing the delete.

6.3.3 Space-Time Tradeoffs

The tradeoffs between space and time have been a recurring theme
in data management and related research. Early studies usually fo-
cused on conserving space at the expense of lower performance given
the severe limits on memory (e.g., [166]). Based on this, some of
the critical aspects of typical designs for space efficiency include: (i)
following a two-level storage hierarchy comprising DRAM only for
caching and HDD (or SSD) for permanent storage and (ii) minimiz-
ing the number of random accesses on the storage devices for speed-
ing up execution times. The advent of in-memory databases inau-
gurated the trend toward the use of large amounts of main memory
in database systems and memory-resident data structures to achieve
efficient use of CPU cycles and improved query performance, e.g.,
[160, 167]. Today, the use of emerging storage technologies such as
PMs enables us to directly persist any data structure without the
overhead of a file system. PM’s larger capacity at close-to-DRAM
latency at an affordable cost also allows us to allocate larger space for
holding indexes than possible with DRAM to achieve lower execu-
tion time. The proposed indexing architecture of this chapter takes
advantage of the opportunities presented by PM for processing RDF
data through the use of larger amounts of PM (space) to achieve sig-
nificantly faster performance (time). We are guided by the principle
that higher performance can be achieved when the architecture de-
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Figure 6.11: Space-time tradeoff curve to perform 100M individual
lookup operations over the different datasets with 10M triples for
randomly generated <v1>.

sign is tailored to the characteristics of the data and hardware [168,
169, 170, 171].

Fig. 6.11 illustrates the space-time tradeoffs among the systems
for performing 100M individual lookup operations over different datasets
with 10M triples for randomly generated <v1>. The X - and Y axes
show the normalized space and normalized time measure respectively.
Prior to the normalization, the execution times were measured in
seconds and the consumed space was in MB. We used Max-Min Nor-
malization (aka, Min-Max scaling) to re-scale the measurements to
between 0 and 1. Please note that the memory allocated for the
text-to-id dictionaries and the space for storing associated values are
the same across the systems and are not included. As can be seen
in Fig. 6.11, RDFix is faster than the other systems, but it does come
at a price in the form of higher space consumption. Each of the three
of the compared systems consumes lower space compared to RDFix.
However, this is achieved at the expense of inferior time. Hexastore
offers the best balance between space and time. Nevertheless, RDFix
achieved significantly better time performance by trading off more
space.

We have already discussed the relationship between the struc-
turedness of a dataset and the difference between the space consump-
tion of RDFix and the other systems in Section 6.3.2.1. SP2Bench
has lower structuredness compared to the other two. Its tradeoff
curve exhibits higher convexity than that of BSBM and LUBM (ex-
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Figure 6.12: A schematic view of integrating RDFix into Sympho-
nyDB’s architecture as a stand-alone indexing structure

cluding Hexastore which is an outlier) as can be seen in Fig. 6.11
(a), (b), and (c). In other words, the higher level of sparsity in the
SP2Bench dataset that goes with the lower structuredness adversely
affects the space consumption of RDFix compared to the other two
datasets with higher structuredness.

6.4 RDFix Integration into SymphonyDB

In this section, we briefly present a road map for integrating RDFix
into SymphonyDB. More specifically, in Chapter 4, we identified the
most appropriate DMS for each query type. Drawing on this, we have
seen in Chapter 5 that SymphonyDB employed some heuristics to se-
lect the likely best-matching one or more of the integrated DMSs for
each query type. For instance, SymphonyDB routed queries to both
MongoDB and RDF-3X if they contain only a single triple pattern.
However, if we integrate RDFix into SymphonyDB, queries with a
single triple pattern can be routed to RDFix since queries with a sin-
gle triple pattern are equivalent to index look-ups (see Section 2.4).
More specifically, Fig. 6.12 shows a schematic view of integrating
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Figure 6.13: A schematic view of integrating RDFix into Sympho-
nyDB’s architecture as an embedded indexing structure

RDFix into SymphonyDB’s architecture as a stand-alone indexing
structure.

Typical of most access methods, RDFix can be also embedded in
an RDF-store. For instance, Fig. 6.13 illustrates a schematic view of
integrating RDFix into SymphonyDB’s architecture by embedding it
as an indexing structure into the underlying DMSs. To achieve this,
it is required to overhaul each of the DMSs and incorporate RDFix
into their architecture which might be very expensive.

Another plausible way to integrate RDFix into SymphonyDB is
to mix the two above-mentioned scenarios. In this case, it is needed
to consider both simultaneously by incorporating RDFix into the
architecture of each of the DMSs as well as deploying it as a stand-
alone indexing structure. This is depicted in Fig. 6.14.

6.5 Conclusion

In this chapter, we have investigated a design approach with the goal
of achieving high-performance querying of RDF datasets. Specifi-
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Figure 6.14: A schematic view of integrating RDFix into Sympho-
nyDB’s architecture as both a stand-alone indexing structure and an
embedded indexing structure

cally, we explored the effects of emerging hardware devices on RDF
storage and indexing strategies. Motivated by the critical need to
achieve significant performance improvements in RDF-stores, we have
developed RDFix, an efficient indexing architecture that is adapted
to the triple data structure and takes advantage of the inexpensive
Persistent Memory (PM) storage. RDFix’s design strategy is based
on combining static arrays and single linked-lists to minimize the
lookup time of RDF triples and trading off memory for performance
to achieve very fast execution times. The experimental evaluation
of RDFix showed that it outperforms comparable index structures
such as B-trees, sorted vectors (Hexastore), and hash maps by at
least a factor of 3. We also presented a discussion of the space-time
tradeoffs involved. Finally, reflecting on the results presented in this
chapter and our findings in the previous chapters, we presented a
road map for integrating RDFix into SymphonyDB.



Chapter 7

Conclusion

This chapter summarizes the primary contributions and main results
of this study in Section 7.2 where we return to the questions posed at
the beginning of this study and present our key findings and lessons
learned. A number of caveats need to be noted regarding the present
study. We discuss them in Section 7.3. The findings of this study
have a number of implications for future practice. We discuss some of
the most important ones for the Knowledge Management, Semantic
Web, Linked Data, and Database research communities and suggest
possible directions for future research in Section 7.4. Finally, our
concluding remarks are presented in Section 7.5.
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7.1 Introduction

At the beginning of this thesis, we have presented an extensive study
of the performance of state-of-the-art DMSs. Through this study, we
analyzed how efficiently major existing DMSs perform to store and
process the diverse content of RDF datasets. We have demonstrated
that no single system can display good performance across diverse
KG query types. Thus, we have attempted to map different types of
KG queries onto different types of DMS. This mapping enabled us to
present a multi-database approach (i.e., SymphonyDB) to analyze in-
coming queries and match each of them to the likely best-performing
DMS among Virtuoso, Blazegraph, RDF-3X, and MongoDB. Con-
sistent with our expectations, the results of our experiments with
SymphonyDB over standard KG benchmark datasets confirmed the
efficiency of our multi-database approach across different query types
and datasets.

Another avenue we have investigated was exploring the effects
of emerging hardware devices on RDF storage and indexing strate-
gies. Existing major RDF-stores are architected typically based on
the following design choices: (i) disk-oriented persistent model, (ii)
disk-resident indexes, and (iii) in-memory buffer-pooling to reduce
latency. However, far too little attention has been paid to the ef-
fects of emerging storage devices on KG data management. To help
to address this research gap, this study sought to leverage Persis-
tent Memories (PMs) for high-performance KG query processing by
introducing RDFix. This is a specialized architecture for indexing
RDF data from the ground up in which all data persist on PM. It
utilizes a multi-layered design based on static arrays and linked-lists.
We have provided experimental validation of RDFix including the
demonstration of its advantages for indexing diverse RDF datasets
as compared to major read-optimized architectures such as B-trees,
sorted vectors, and hash maps over PM. Note that typical of most
access methods, RDFix can be deployed as a stand-alone indexing
structure, or embedded in an RDF-store.
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7.2 Summary of Contributions and Results

7.2.1 Definition of Diversity-tolerant RDF Data Man-
agement

In our definition, a diversity-tolerant RDF-store can achieve all the
following three desiderata simultaneously: (i) support for a diverse
range of query features; this includes required and optional graph
patterns, aggregation, subqueries, negation, etc., (ii) support for
widely varying RDF datasets in terms of structuredness and size;
this refers to the need to support datasets with different levels of
structuredness and size, and (iii) exhibiting high performance; this
is an end-to-end time counted starting from a query submission time
to the time the final (and correct) result is returned.

7.2.2 Returning to Research Question 1

• How efficiently do major existing RDF-stores perform to store
diverse RDF datasets and execute archetypal query types over
them?

Returning to this question, it is now possible to state that the
behavior and performance of existing RDF-stores is not consistent
against diverse queries. It seems to be that a single, one-size-fits-all
DMS is unlikely to emerge to achieve good performance across query
types over datasets with different levels of structuredness.

7.2.2.1 Factors Influencing Query Performance

We have made remarks on major factors influencing the performance
of query processing. We have discussed why it is a challenge to gen-
erate optimized execution plans for many queries and what step-by-
step access strategy is typically followed by existing RDF-stores for
minimizing run time and other types of resource use (e.g., CPU time
and I/O access). We have reviewed major techniques and strategies
that existing RDF-stores typically follow to efficiently utilize CPU,
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RAM, and I/O devices to perform intermediate steps of query pro-
cessing such as sorting and how RDF-stores generally select the order
in which joins would be performed.

7.2.2.2 Exploring Efficiency of Major RDF-stores

As was pointed out in the introduction to this research, it is some-
how unclear how efficiently major existing data management sys-
tems perform to store diverse RDF datasets and execute archety-
pal queries over them. This research has gone some way toward
enhancing our understanding of query performance across diverse
datasets and queries by providing a fine-grained, comparative anal-
ysis of major native and non-native RDF-store types against major
query types. Our comparative study complemented similar studies
(e.g., [45]) that were published over five years ago.

7.2.2.3 Key Findings

The results of our investigation showed that no single RDF-store
displays superior query performance across different query types. A
summary of our findings is as follows:

• There are significant interaction effects between different types
of RDF-stores and query types. In particular, row- and column-
stores tend to be faster for tree-like joins, graph-stores tend to
perform faster for subject-object joins, and document-stores
are likely to be faster for star-shaped queries in most cases.

• The performance differences of existing RDF-stores can be at-
tributed to their design choices such as their underlying stor-
age layout, data locality, suitability of their caching techniques,
the accuracy of their cardinality estimations, the efficiency of
their index implementation, and their query optimization al-
gorithms.

These results showed that there is a clear need to propose solu-
tions that can hide the variety of KG datasets and exhibit consistent
performance across diverse queries.
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7.2.3 Returning to Research Question 2

How to design and develop an RDF data management system that can
reduce the negative effects of the variety of RDF data and diversity
of queries on the performance?

Drawing on our key findings and the lessons learned from our in-
vestigations related to exploring the performance of the major RDF-
stores, we introduced a polyglot model of query processing and access
languages, called SymphonyDB.

7.2.3.1 Key Findings

A summary of our contributions and results are presented below.

• Introducing SymphonyDB as a diversity-tolerant RDF-store
that can match diverse incoming queries to the likely best-
performing DMS among Virtuoso, Blazegraph, RDF-3X, and
MongoDB as representative DMSs that are included in Sym-
phonyDB at this time.

• Our results indicate that SymphonyDB performs consistently
across different datasets. Its performance is almost equal to
the fastest DMSs in all cases.

Taken together, these results suggest that SymphonyDB can sig-
nificantly reduce the negative effects of the variety of RDF data and
queries on the performance.

7.2.4 Returning to Research Question 3

How can we leverage emerging hardware devices like Persistent Mem-
ories (PMs) to design high-performance RDF-stores?

Existing systems were designed typically based on: a disk-oriented
persistent model and disk-resident indexes. Although there have
been a number of extensions over the past years such as supporting
compression, columnar storage, bitmap indexes, and vectored execu-
tion, far too little attention has been paid to the effects of emerg-
ing hardware devices on RDF storage and indexing strategies. This
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study set out to determine these effects and introduced a specialized
architecture (called RDFix ) for indexing RDF data from the ground
up in which all data persist on PM.

7.2.4.1 Key Findings

A summary of our contributions and results are presented below.

• We introduced RDFix, a PM-based architecture for indexing
RDF. Typical of most access methods, RDFix can be deployed
as a stand-alone indexing structure, or embedded in an RDF-
store with the goal of providing a high-performance and flexible
access path.

• We experimentally demonstrated the advantages of RDFix as
compared to major state-of-the-art indexing architectures such
as B-trees, sorted vectors, and hash maps over PM. We have
discussed how trading off more memory (space) could lead to
the superior performance of RDFix.

One of the significant findings to emerge from this study is that
new hardware devices like low-cost PMs with larger capacity at close-
to-DRAM latency allow us to allocate larger spaces for holding in-
dexes without the need for reconstruction after a crash. This enables
us to trade off more memory (space) for performance at a lower cost
in many cases.

7.3 Limitations

7.3.1 Redundant Information

This study offered some insight into polyglot model-based KG query
processing. Utilizing a polyglot model-based solution such as Sym-
phonyDB has shown to be effective to achieve consistent performance
across diverse query types. However, approaches of this kind carry
with them various well-known limitations. Perhaps one of the most
serious limitations of this method is that KG datasets have to be
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replicated which is determined by the number of DMS that are uti-
lized, e.g., this number is equal to four for SymphonyDB. Difficulties
may arise when an attempt is made to employ SymphonyDB for
write-heavy applications where such replication can lead to higher
write latency. Given that most KG datasets tend to be read-mostly
if not read-only [44, 60], the write latency is not expected to be a
concern in most use-cases.

7.3.2 Efficient Query Translation

When SymphonyDB selects MongoDB for a query type, a suitable
JIT query translation from SPARQL to MQL is also needed. A
specific caveat that needs to be noted regarding the query transla-
tion is that all SPARQL queries may not be translated to (efficient)
MQL queries due to the dissimilarity between the expressiveness of
SPARQL and MQL [134].

7.3.3 Maintenance and Integration

SymphonyDB includes multiple DMSs. Each of them may need peri-
odical maintenance such as checking for the release of new versions,
software patches, updating their internal statistics, etc. Sympho-
nyDB must keep up with the updates of its underlying data plat-
forms to perform seamlessly. As a result, the maintenance cost of
a multi-database approach like SymphonyDB may be more than a
conventional single DMS. However, the performance gains can com-
pensate the added maintenance cost.

7.3.4 License

SymphonyDB includes four representative open-source and publicly
available DMSs at this stage. Given the growing interest in develop-
ing KG-based applications, efficient processing of diverse queries over
KGs may require a user to employ commercial DMSs as well. In this
case, users may be required to purchase licenses for the commercial
DMSs.
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7.3.5 Parallel Operations

We compared RDFix with other read-optimized indexes, namely,
B-tree, hash map, and sorted vectors (Hexastore [60]). These sys-
tems were widely accepted as high-performance indexing architec-
tures [114]. The single-threaded version of all the four systems is
used in our experiments. A multi-threaded version of these systems
can be implemented to advance our understanding of the effects of
parallel algorithms on the performance of different operations.

7.4 Future Work

This research has thrown up many interesting avenues in need of
further investigation. It is recommended that further research be
undertaken in the following areas: KG query typology and cloud-
based non-monolithic RDF-stores. Another possible area of future
research would be to investigate how update-intensive workloads can
be efficiently performed over KGs.

7.4.1 Update Queries

Given that most RDF datasets tend to be read-mostly if not read-
only [44, 60], we have focused our efforts on high-performance read-
optimized solutions in this research. However, there is abundant
room for further progress in designing high-performance solutions to
support update-intensive KGs. A further study with more focus on
staging architecture (where updates are deferred and later merged
into the main KG dataset in a batched manner) can be suggested.

7.4.2 Programming Languages Effects on Performance

Major existing DMSs are implemented using different programming
languages. It is worth exploring different ways in which the language
helped the development of high-performance DMSs for KG query
execution and situations in which it was less helpful. We speculate
that it is needed to overhaul and re-write major existing DMSs in
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the same programming language to fairly compare the effects of their
architecture and design choices on query execution times.

7.4.3 Knowledge Graph Query Typology

Our experience while performing a comparative analysis of KG query
performance raised several new and interesting questions and re-
search directions that need to be addressed in the future. In our
experiments, we had four archetypal query types, namely, subject-
subject, subject-object, tree-like, and optional queries. However,
there may be other query types that we need to consider. Further
work is required to establish this.

7.4.4 Energy Consumption

In Chapter 6, we have developed the strategy of combining static
arrays and single linked-lists to minimize the lookup time of RDF
triples. This strategy appeared to be very effective due to trading off
memory for performance resulting in very fast execution times. We
have explored and presented a discussion of the space-time tradeoff
involved. However, future studies on the three-way tradeoffs among
space, time, and energy consumption are recommended given the
sustainability imperative of energy conservation in the era of big
data.

7.4.5 Cloud-based Non-monolithic RDF-stores

Our polyglot model of query processing potentially can be extendable
to the non-monolithic conception of database processing in which the
different components such as file systems, index structures compres-
sion, query processing engines, concurrency, consistency modules,
etc. are made available in the cloud and communicate through high-
performance networks (similar to [172, 173]). Further studies, which
take the cloud-based non-monolithic conception into consideration,
will need to be undertaken.
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7.5 Concluding Remarks

Motivated by the vital role that DMSs play in enabling or enhanc-
ing a wide variety of KG-based applications, we have presented an
extensive study of the efficiency of major DMSs for storing KG con-
tent and executing archetypal queries over them. The results of
this study pointed to the performance variability of representative
systems across diverse datasets and query types. In response, we
have introduced a multi-database prototype, called SymphonyDB,
that provides a genuine polygloty at the level of access languages
and data persistence to classify queries, analyze individual query
types, and match each to the best performing available platforms.
We also developed, evaluated, and experimented with PM-based in-
dexing architecture introduced as part of this thesis, called RDFix.
Our results indicate that RDFix provides good overall execution time
outperforming other read-optimized indexing architectures. Taken
together, we encourage the use of our proposed solutions for high-
performance query execution over KGs.
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