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Abstract

In this Ph.D. thesis, we study the problem of efficiently evaluating basic graph
pattern (BGP) queries over a large amount of linked data (RDF data) in parallel
and provide four approaches. In this context, we consider that the data graph
has been partitioned into graph segments and the initial query Q is decomposed
into a set of BGP subqueries.

In the first three approaches, the widely used MapReduce framework is used
for querying a large amount of linked data.

In the first approach, a generic two-phase, MapReduce algorithm is presented.
The algorithm is based on the idea that the data graph has been arbitrarily
partitioned into graph segments which are stored in different nodes of a cluster
of commodity machines. To answer a user query @), @ is also decomposed into a
set of random BGP subqueries. In the first phase, the subqueries are applied to
each graph segment, in isolation, and intermediate results are computed. The
intermediate results are appropriately combined in the second phase to obtain
the answers of the initial query Q). The proposed algorithm computes the answers
to a given query correctly, independently of a) the data graph partitioning, b)
the way that graph segments are stored, ¢) the query decomposition, and d) the
algorithm used for calculating (partial) results.

In the second approach, we present a method which focusing on the decom-
position of the query @, into a set of generalized star queries, which are queries
that allow both subject-object and object-subject edges from a specific node,
called central node. It is proved that each query @ can be transformed into a
set of subject-object star subqueries. The data graph has also been arbitrarily
partitioned into graph segments and a two-phase, scalable MapReduce algorithm
is proposed that efficiently results from the answer of the initial query @ by
computing and appropriately combining the generalized subqueries answers.

The third approach is based on the assumptions that data graphs are par-
titioned in the distributed file system in such a way so as replication of data
triples between the data segments is allowed. Data triples are replicated in such
a way so as answers of generalized star queries, can be obtained from a single
data segment. One and a half phase, scalable, MapReduce algorithm is proposed
that efficiently computes the answer of the initial query @ by computing and
appropriately combining the subquery answers. It is proved that, under certain
conditions, the query can be answered in a single MapReduce phase.

In the fourth approach, we propose an effective data model for storing RDF



data in a document database using a maximum replication factor of 2 (i.e., in the
worst-case scenario, the data graph will be doubled in storage size). The proposed
storage model is utilized for efficiently evaluating BGP queries in a distributed
manner. Each query is decomposed into a set of generalized star queries. The
proposed data model ensures that no joining operations over multiple datasets
are required to evaluate generalized star queries. The results of the evaluation
of the generalized star subqueries of a query @ are then properly combined, in
order to compute the answers of the initial query ). The proposed approach

has been implemented using MongoDB and Apache Spark.
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[epiindm

Yty napotioa Sidoxtoptxt| dlatelBr) peAeTdton T TEOBANUL TNE ToEdAANANG enelep-
yaolac epwTNudtny ot peydhou dyxou dlacuvdedeuéva dedouéva (xwdxoTolnuéva
péow e RDF) péow tec0dpnv DapopeTixtdv npntdtunny npoceyyioewy. Xe
Ohec g mpooeyYloel, Ta apyixd deBopéva Slaomdvton oe UToYEdpous (TuuaTa),
TO €pMOTNUA () TOL €lvor xat AUTE TNG LOPPNEC YEAPOUL BLACTIUTOL OF UIXPOTEPOUS UT-
0Yp8PoUS (UTOEPWTAKOTA), oL GTY) CUVEYELX 1) ENEEEPYAOIN TV UTOEPOTNUATOV
oL BLAPOEa TUAUOLTA TEoLY LOTOTIOLE(TOL TToEEAATAAL.

Y1 Tpelg mpwteg mpooeyyloew, N encéepyoacio v dedoyévev Pouciletan oo
EVPEWC YENOUWLOTOLOUPEVO TipoYpopuaTioTind Tep3diiov MapReduce.

XNV TpATN TEOCEYYLON), TUEoLGIAlEToL Evag YeVixdg alyoprduoc MapReduce
anoteAolpEVOC omd BLo gdoeic. O alydprdpoc vAomoleiton Tévw oe HeYdhou 6Yxou
dedopéva mou €youv dlacToo el xou anotnxeutel ot dapopeTixolc xépfBouc (nodes)
pac oustoylag utohoyotdyv (cluster). To apynd epdtnua @, dondton ot éva
A 00¢ TuyaiwY UTOEPOTNUATWY. X TNV TEKOTY @dor Tou alyopituou, To xdde un-
ogpotNua eneepydletal TopdAANha oe xdde UTOYEAPO XL To ATOTENECUATA TWV
UTOEPWTNUETLV GUVBLALoVToL XaTdAANAa T Seltepn pdom Tou alyopiluou Mote
VoL UTOAOYLOTOUY ToL TEAXS amoTeAéoUaTa Tou apyxol epwtiuatos Q. O mpo-
Tevouevoe ohyoptduoc vrohoyiler tic anavtioelc aveldptnta o) and Tov 1péTo
didonaone Tou apyixol Ypdpou, B) Tou tedrou anodfxeuons Twv dedouévev, )
TOU TPOTOV BLECTUOTC TOU 0PY KOV EPWTALATOC OTA UTOEPWTALATO Xot 3) TOU oh-
Yopidou Tou YENCWOTOLETOL Y10l TOV UTOAOYLIOHS TMV (HEPXOY) AROTENECUATWY.

H 8ebtepn npocéyyion Boacileton otn Sidonaocy tou apyixol epwthuatog ) oe
évol TAAYOC UTOEPWTNUETGY TIOL ATOXUANOUVTOL EQWTHUNTO VEVIKEUUEVOU a0 Tépa.
‘Oheg oL axpéc autod Tou elBous EpWTNUATWY EYouv Evav xowvd xouPo elte we ut-
oxelyevo, elte we avtixelpevo mou ovoudletan xevtpods xoufoc. AmodeixvieTton
ot xde epdnua (Q, umopel vo dlaonaoctel o éva mARoc TETOLwY UTOERWTY-
pdov. To apyixd dedopéva xon TEAL XATAVEUOVTAL GTOUS XOUBOUE TNE cuaTolyiag
TWV LTOAOYLOTOY Xt €vag enextdotuos olybdprdpoc MapReduce nou napouotdle-
Ton umohoyilel amoBoTXE TIC ATAVTACEL TOU OPYIXOU EPWTAUATOS, APOV TEWTA
UTOAOY{OEL XU GTY) CUVEYELL GUVDUAOEL XATIAANAL TIC AMAVTACELS TWY UTOEQMTY-
HATOVY TNS LOPPHC YEVIXEUPEVOU AOTEQROL.

H tpltn mpooéyyion Baoiletan oty apyixf didonacn tou yed@ou Twv de-
BOUEVWY UE TETOLO TPOTIO OTE VO ETUTEENETAL 1) ETOVAANPT (Blwv ooy oe Teplo-
obtepa and évay uToYEdPoLS (TPAKNTH) UE TETOW TEéTo WoTe Vo eaopahiletat

0 UTOAOYLOUOS TV ATAVTHOEWY EVOS UTOEROTHUUTOS YEVIXEUUEVOU OGTEQO TOTUX

vii



oe xade vnoypdyo. O enextdolpoc ahyderduoc MapReduce nou peletdron yio Tov
UTOAOYLOUS TWV ATAVTHCERY TOU apyix00) EQOTALATOS AMOTEAE(TON 0md Evar xou ULod
o1édlo MapReduce. Ilapdio outd, amodexvieTton Twe o€ EWBXESC TEQITTWOELS Tl
TeEAXS anoTteAéopata Unopoly va anavtntoly xo o éva pévo otédlo MapReduce.

Yy tét0pTn TEOCEYYIOT| TUPOUCIALETOL €VOL ATOTENECUATIXG LOVTEROD OpYdv-
wong xat anoUixeuoNg TKV dedoUEVKY xotdAinio vl enegepyacio Toug oe NoSQL
document Bdoeig dedopévev. H enavdhndn (Buwv axpdv tou apytxol Ypdpou 6Toug
unoypdpoug yivetan xan TdAL Ye tétolo Tedno Kote 01N Yelplotn nepintwon To de-
dopéva petd T didomacy| Toug vo v €xouv péyedoc peyolitepo (otn yelplotn
nepinTtwon) and to dimhdoto tou peyEdouc Twv apyxdy dedopévev. To apyixd
gpMTNUO BlaoTdton xol TEAL o€ €vat GOVOAO amd UTOEPWTAUATO TUTOU YEVIXEUUE-
vou actépa. To mpotevduevo uovtéro opydvwong twv dedouévwy e€acparilel twg
xdde uTogpPGTNUA TUTOV oo Tépa Umopel vou amavTniel uéoa oe xdie Eeyweioto doc-
ument ¢ Bdong dedopévwy. Ot anovTACEC TOV UTOEPWTARATWY 0T GUVEYELD
ouvdUELovTon XATEAANAA WOTE Vo TEOXOPOUV Ol TENXES AMAVTACELS TOU PYIXOU
gpwthnatoc Q. H mpocéyyion vhomouinxe xdvovtac yeron tne NoSQL document
Bdone dedouévev MongoDB xaw tou Apache Spark.
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Chapter 1

Introduction

In this Chapter we present an introduction about the Semantic Web innovation

and technologies as well the Ph.D. thesis study.

1.1 Semantic Web

The World Wide Web (WWW) constitutes a global information system that is
used to share data of various formats made up of interlinked documents and
files. The interlinked documents and files in WWW are identified by Uniform
Resource Locators (URL) that provide the location and the way (protocol) from
which a document can be retrieved. The existence of hyperlinks between the
documents offers to users the ability to navigate between them. The simple
architecture of WWW turned it to a rapidly growing information system where
users from all over the world use it daily to meet their information needs.

The initial architecture of the WWW based on linked documents (Web of
Documents), because of its simplicity, offered the opportunity for rapidly growth,
nevertheless the lack of semantic organization of data, produce difficulties in
seeking information. The extension of the current web to the Semantic Web
(SW) aims to convert the WWW from a global place of interlinked documents to
a global place of interlinked data (Web of Data). In SW, data resources and their
semantic links are identifying using Internationalized Resource Identifiers (IRI)
[85], a generalization of URIs, and data resources are semantically organized in
such a way that information about resources can be processed by machines. The

encoding of semantics of the resources in SW takes place using data models, query



languages, vocabularies, ontologies and rules. Resource Description Framework

(RDF) [84], SPARQL query language [115] [102], Web Ontology Language (OWL)

[86] are standardized SW technologies from World Wide Web Consortium (W3C).
Figure Fig. [50] depicts the SW stack technologies.

User Interface and applications

Trust
Proof
Unifying logic
OWL RIF/SWRL

SPARQL O
RDFS S
)
Q
)
RDF j=
<

XML

IRI UNICODE

Figure 1.1: Semantic Web Stack Technologies



Resource Description Framework (RDF) is the data model used in SW to
describe resources in the form of a graph. RDF Schema (RDFS) [106] is a
semantic extension of RDF that provides a vocabulary for RDF to organize the
resources into groups (classes) and to describe the relations between resources
(properties). Web Ontology Language (OWL) extends RDFS for describing
properties and classes in order to extend the limited expressiveness of RDF
Schema. RDFS and OWL are based on description logic and enhance the SW
with reasoning. SPARQL is the SW query language, it is used to query any
RDF data even those that include RDFS and OWL statements. Querying
language is necessary to retrieve information for semantic web applications. Rule
Interchange Format (RIF) is a rule interchange format for exchanging rules

among rule systems.

1.1.1 Resource Description Framework

The Resource Description Framework (RDF) is a graph data model (a W3C
recommendation since 1999) for describing abstract or physical resources in
the world wide web (WWW). RDF provides the data model for the Semantic
Web. RDF data model consists of simple statements called RDF data triples
by using three components called subject, predicate (or property) and object
respectively. The value of a subject in a triple is a URI reference (identifier)
of the resource, the predicate is a URI reference that represents the relation
between the subject and object and the object is a URI reference of a resource
or Literal. Literals may be plain literals (e.x. “Semantic Web”) or typed literals
(e.x. “Semantic Web” " “xsd:string). An RDF triple’s subject can be the object
of another triple and this results in many data triples to form a directed graph.
The data graph nodes are the subject and object values and the arcs are the
values of the predicates that connect the subject and the object. When a node
either subject or object of a data triple is no IRI or literal is called a blank node.
Blank nodes are used to imply the existence of a resource, without using a URI
to identify the resource.

Formally, an RDF triple and RDF graph (RDF' dataset or simple a dataset)
can be defined as follows:

Definition 1.1.1. Let I be disjoint infinite set of URI references, B be disjoint
infinite set of blank nodes and L be an infinite set of literals. A RDF triple
(s,p,0) € {UB) xIx(IUBUL) is called a RDF triple. A RDF graph is a
labeled, directed graph defined as a non-empty set of RDF triples.



A RDF graph G’ is a RDF subgraph of a RDF graph G if G’ C G. It is
easy to separate a RDF graph into smaller subgraphs separating its RDF triples.
Respectively the union of RDF subgraphs into one RDF graph is achieved by
merging all RDF triples of all subgraphs.

(G)

hasSupervisor

hasAuth
hasAuthor o Uor hasAuthor

Figure 1.2: A RDF graph example.

Figure Fig. illustrates an example of RDF graph consists of ten RDF
triples. A node (subject or object), which is URI or blank node, is represented as
a rounded rectangle. An object which is a literal is represented by a conventional
rectangle. A triple (s,p, 0) is represented by the directed edge s — o, labeled
by p, from the node representing the subject s to the node representing the
object 0. The edge is also referred to as an incoming edge of o, as well as an
outgoing edge of s.

Strings with initial lowercase letters represent predicates while strings with
initial uppercase letters denote URIs labeling graph nodes (i.e. subjects or
objects). The literals are represented as strings enclosed in double quotes.

Various serialization formats exist for RDF data graphs. RDF/XML [53],
N-Triples [39], Turtle [38], TriG [114] and N-Quads [37], JSON-LD [46] and
RDFa [I18] are the most common.

RDF/XML is defined by W3C to serialize RDF data graphs using XML.
N-Triples uses three values in the form < subject >< predicate >< object > .
to express a RDF triple. Below is expressed in RDF/XML and N-Triples



serialization formats the RDF graph depicted in figure Fig.
Example 1.1.1. RDF/XML serialization example

<?xml version="1.0" encoding="utf-8"7>
<rdf:RDF xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#"
xmlns:ex="https://example.org/">
<rdf:Description rdf:about="https://example.org/Articlel">
<ex:hasTitle>Titlel</ex:hasTitle>
</rdf:Description>
<rdf:Description rdf:about="https://example.org/Articlel">
<ex:year>2005</ex:year>
<rdf:Description rdf:about="https://example.org/Articlel">
<ex:hasAuthor rdf:resource="https://example.org/Person2"/>
</rdf:Description>
<rdf:Description rdf:about="https://example.org/Article2">
<ex:hasAuthor rdf:resource="https://example.org/Person2"/>
</rdf:Description>
<rdf:Description rdf:about="https://example.org/Article2">
<ex:hasAuthor rdf:resource="https://example.org/Person3"/>
</rdf:Description>
<rdf:Description rdf:about="https://example.org/Persond">
<ex:hasSupervisor rdf:resource="https://example.org/Personl"/>
</rdf :Description>
<rdf:Description rdf:about="https://example.org/Person2">
<ex:hasSupervisor rdf:resource="https://example.org/Person3"/>
</rdf:Description>
<rdf:Description rdf:about="https://example.org/Articlel">
<ex:publishedIn rdf:resource="https://example.org/Journall"/>
</rdf:Description>
<rdf:Description rdf:about="https://example.org/Article2">
<ex:publishedIn rdf:resource="https://example.org/Journall"/>
</rdf:Description>
<rdf:Description rdf:about="https://example.org/Article2">
<ex:year>2008</ex:year>
</rdf:Description>
<rdf:Description rdf:about="https://example.org/Article2">
<ex:hasTitle>Title2</ex:hasTitle>



</rdf:Description>
</rdf :RDF>

Example 1.1.2. N-Triple serialization example

<https://example.org/Articlel> <https://example.org/hasTitle>
"Titlel"

<https://example.org/Articlel> <https://example.org/year>

"2005"

<https://example.org/Articlel> <https://example.org/hasAuthor>
<https://example.org/Person2> .

<https://example.org/Article2> <https://example.org/hasAuthor>
<https://example.org/Person2> .

<https://example.org/Article2> <https://example.org/hasAuthor>
<https://example.org/Person3> .

<https://example.org/Person2> <https://example.org/hasSupervisor>
<https://example.org/Person3> .

<https://example.org/Articlel> <https://example.org/publishedIn>
<https://example.org/Journall> .

<https://example.org/Article2> <https://example.org/publishedIn>
<https://example.org/Journall> .

<https://example.org/Article2> <https://example.org/year>

"2008"

<https://example.org/Article2> <https://example.org/hasTitle>
"Title2"

1.1.2 SPARQL Query Language

SPARQL is the W3C recommendation query language for RDF. It is based on
graph pattern matching. Besides the basic graph pattern matching (BGP) parts,
it includes optional graph pattern matching parts, union of pattern matching
parts, nesting pattern matching parts, and filtering. BGP queries consist of one
or more query triple patterns, where all the query triples patterns must match
in the RDF graph.

A pattern matching query is used to find all subgraphs of a data graph that
are isomorphic (i.e., equivalent in both structure and labels) to a given pattern
graph

SPARQL has four query types. These query types are:



1. SELECT query type that returns the selected variables that are bounded
in the query pattern.

2. CONSTRUCT query type that returns the RDF subgraph constructed by

substituting variables in a set of triple templates.

3. ASK query type that returns a boolean related to if the query pattern has

at least one result or not.

4. DESCRIBE query type that returns an RDF graph that describes the

resources.

Formally, a query triple pattern and a BGP query graph pattern can be

defined as follows:

Definition 1.1.2. Let V' be disjoint infinite set of variables, I be disjoint infinite
set of URI references, B be disjoint infinite set of blank nodes and L be an infinite
set of literals. A query triple pattern (s,p,0) € (VUIUB)xIx (VUIUBUL)
is called a query triple pattern. A BGP query graph pattern is a set of query
triple patterns that must all much in the RDF graph.

In figure Fig. [3:2)is depicted a SPARQL BGP query example. The query con-
sists of eight query triples. The query consists of five variables (?7P1,7J,7P2,7A 7T).
All the other nodes and the predicates are constants either URI values or Literals.
One answer of the query is:
< (?7P1,7J,7P2,7A,7T) >=< (Person2, Journall, Person3, Article2,” Titlel”) >.

©)
Personl T T
- hasSupervison ..
hasSupervisor 2P1 hasSupervisol ?P2

hasAuthor

hasAuthor hasAuthor

hasAuthor  hasAuthor

hasAuthor hasAuthor hasAuthor hasAuthor

publishedInhasTitle hasTitle

publishedin publishedin

year year

publishedIn

Figure 1.3: A SPARQL BGP Query Example.



Example 1.1.3. The SPARQL syntax of the BGP query depicted in figure
Fig. [33 is:

SELECT 7P1 7J 7P2 7A 7T
WHERE {

?P1 <hasSupervisor> 7P2 .
<Articlel> <hasAuthor> 7P1 .
<Articlel> <publishedIn> 7J .
<Articlel> <hasTitle> 7T .

?A <hasAuthor> 7P1 .

?A <hasAuthor> 7P2 .

7A <publishedIn> ?7J .

7A <year> "2008"

}

1.1.3 Linked Data

Linked Data (LD) [35] refers to a set of best practices invented by Tim Berners-
Lee for publishing data on the Web. These principles are:

1. Use URIs to identify resources
2. Use HTTP URISs to provide the opportunity those resources to be searchable

3. Provide useful information, using the standards like RDF, RDFS, OWL,
SPARQL for each resource

4. In each dataset include semantic links (RDF links) to other datasets so

that user can discover related resources

The last decade, LD became a widespread method for publishing interlinked
data based on RDF. Besides the LD that produced for private purposes, there is
a daily production of LD datasets which are released under an open license and
they are mentioned as Linked Open Data (LOD). The datasets contain data
from various domains. As mentioned on the web page https://lod-cloud.net)
LOD contained as of May 2020, 1,301 datasets with 16,283 links between them
with these values increasing on a daily basis. Some of the larger LOD datasets
are: DBpediaﬂ which data are derived from the structured information of

Wikipedia and turns it into a rich knowledge base that can be used to answer

Thttp://dbpedia.org/
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expressive queries consists of 9,500,000,000 triples, Wikidatzﬂ with 96,942,861
triples, GeoNamed?| with 93,896,732 triples and YAGO[Y| with 120,000,000 triples.
LOD datasets can be downloaded as dump RDF files and also provide a public
SPARQL Endpoint from which users can search for information using the
SPARQL query language.

For example, DBpedia offers the DBpedia Ontology, a cross-domain ontology,
which has been manually created based on the infoboxes within Wikipedia web
pages to organize resources and the public DBpedia SPARQL Endpointﬂ for
querying. Despite the weaknesses in the way it is organized, DBpedia is one of

the most important knowledge datasets on the web.

1.2 Ph.D. Thesis Study

Nowadays, the amount of information published through the WWW is rapidly
growing; revealing a challenge for efficient analysis of a large amount of linked
data. Furthermore, semantic annotations are usually used when exchanging and
publishing data; where the RDF data model and LD paradigm are widely used
to structure the data along with its semantics, in a unified manner.

Storing and analyzing RDF data has been extensively investigated in the
past (e.g., [108] [74] [O5] [41]), but it still remains a significant challenge, especially,
due to the challenge of analyzing big data.

Centralized RDF data stores (e.g. [9],123]), which are widely used to store and
manage RDF and LD, usually utilize relational structures for persisting data.
However, most of the single-machine systems used to store and manage RDF data
(e.g., [90, 133]) lack scalability and efficiency in processing and analyzing large
amounts of RDF data graphs [26]. To overcome the scalability and efficiency
issues, in case of managing a large amount of RDF data, several approaches have
been proposed; either using distributed NoSQL databases (e.g., [87, [104], [78]), or
using distributed computation frameworks, such as MapReduce and Spark, over
the RDF data stored in a distributed file system (e.g., [1111 49} 107, BT, 113, 44]).

This Ph.D. thesis proposes and evaluates four different approaches for effi-
ciently evaluating basic graph pattern (BGP) queries over a large amount of
linked data (RDF data) in parallel. We present the approaches in Chapters

%https://www.wikidata.org/
Shttp://www.geonames.org/
4http://yago-knowledge.org
Shttps://dbpedia.org/sparql
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and [7} In all approaches, the data graph has been partitioned into graph
segments and the initial query @ is decomposed into a set of BGP subqueries.
The processing of the subqueries over the graph segments and the combination
of the intermediate results of them are performed in parallel. The distributed
processing frameworks and storage systems for big data which are used in the
four query evaluation approaches are described in Chapter

In the first approach, described in Chapter[d] a generic two-phase, MapReduce
algorithm is presented. In the first phase, the subqueries are applied to each graph
segment, in isolation, and intermediate results are computed. The intermediate
results are appropriately combined in the second phase to obtain the answers
of the initial query @. The proposed algorithm computes the answers to a
given query correctly, independently of a) the data graph partitioning, b) the
way that graph segments are stored, ¢) the query decomposition (random BGP
subqueries), and d) the algorithm used for calculating (partial) results of each
subquery. Preliminary results of this approach were presented in: [56].

In the second approach, described in Chapter [5| we present a method which
focused on the decomposition of the query Q, into a set of gemeralized star
queries, which are queries that allow both subject-object and object-subject
edges from a specific node, called central node. It is proved that each query @ can
be transformed into a set of subject-object star subqueries. A two-phase, scalable
MapReduce algorithm is proposed that efficiently results the answer of the initial
query ) by computing and appropriately combining the generalized subqueries
answers. The algorithm also computes the answers to a given query correctly,
independently of a) the data graph partitioning, b) the way that graph segments
are stored, ¢) the query decomposition (different generalized subqueries), and d)
the algorithm used for calculating (partial) results of each subquery. Preliminary
results of this approach were presented in: [93].

The third approach, described in Chapter [6] is based on the assumptions
that data graphs are partitioned in the distributed file system in such a way so
as replication of data triples between the data segments is allowed. Data triples
are replicated in such a way so as answers of a subset of generalized subqueries
called subject-object star queries, can be obtained from a single data segment.
One and a half phase, scalable, MapReduce algorithm is proposed that efficiently
computes the answer of the initial query @ by computing and appropriately
combining the subquery answers. It is proved that, under certain conditions, the
query can be answered in a single MapReduce phase. Preliminary results of this

approach were presented in: [71].
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In the fourth approach, described in Chapter [7] we propose an effective
data model for storing RDF data in a document database using a maximum
replication factor of 2 (i.e., in the worst-case scenario, the data graph will be
doubled in storage size). The proposed storage model is utilized for efficiently
evaluating BGP queries in a distributed manner. Each query is decomposed
into a set of generalized star queries. The proposed data model ensures that no
joining operations over multiple datasets are required to evaluate generalized star
queries. The results of the evaluation of the generalized star subqueries of a query
Q are then properly combined, in order to compute the answers of the initial
query Q. The proposed approach has been implemented using MongoDB and
Apache Spark. Preliminary results of this approach were presented in: [72] [73].

1.3 Structure of the Ph.D. Thesis

The Ph.D. thesis is organized in the following Chapters.

Chapter 1 and Chapter 2 are introductory Chapters and they are focused
on the linked data and big data processing. More specifically, in chapter 1
we present an introduction to SW innovation and SW web technologies (RDF,
SPARQL, Linked Data) while in Chapter 2 we present the distributed processing
frameworks and storage systems for big data, Apache Hadoop, Apache Spark
and NoSQL databases. Storing and querying big volumes of linked data is the
aim of this Ph.D. thesis. Chapter 3 contains the preliminaries about data and
query graphs while in each of the Chapters 4, 5, 6 and 7 we present the different
approaches studied in this Ph.D. thesis. Detailed experimental results for all
approaches are analyzed in Chapter 8. In Chapter 9, we present the related
work about linked data parallel processing. Chapter 10 contains the conclusions
of the Ph.D. thesis.
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Chapter 2

Distributed Processing
Frameworks and Storage

Systems for Big Data

In this Chapter, we present two frameworks for scalable and parallel processing big
volumes of data, Apache Hadoop [5] and Apache Spark [I1], and the most usual
non-relational data models for storing and querying big data. The programming
framework of Apache Hadoop, MapReduce [48] was used for the implementation
of the query evaluation algorithms presented in Chapter Chapter [5| and
Chapter [6] Apache Spark and the NoSQL document database MongoDB were
used for the implementation of the query evaluation algorithm presented in
Chapter [7]

2.1 Big Data

Big data [80] is high-volume, high-velocity and/or high-variety data. Big data
structures may vary from relational data structures to semi-structured or un-
structured data. According to big data characteristics, big data is impossible to
be processed in a single computing system as vertical scaling has limitations. Big
data processing can utilize horizontal scaling for better scalability. In horizontal
scaling, data is partitioned into a cluster of commodity machines, which require

storage and processing methods that are optimized for parallel processing. There-
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fore, in the last decades, parallel processing systems have been developed for big
data processing as well as databases that do not necessarily use the relational
data model.

In the next Sections of Chapter [2| are mentioned two parallel processing
frameworks Apache Hadoop and Apache Spark and the most usual non-relational

data models for storing and querying big data.

2.2 Apache Hadoop

2.2.1 Map-Reduce Programming Framework

MapReduce [48] is a programming framework, built by Google, for processing
large datasets in a distributed manner. Creating a MapReduce job, the user
defines two functions, map and reduce, which run in each cluster node, in isolation.
The map function is applied on one or more files, in the distributed file system
(DFS), and results <key,value> pairs. This process is called map task. The
nodes that run the Map tasks are called mappers. The master controller directs
the pairs emitted by mappers to the reducers (i.e., the nodes that apply the
reduce function on the pairs) such that all pairs with the same key initialize
a single reduce process, called reduce task. The reduce tasks apply the reduce
function on the input pairs and also result in <key,value> pairs. This procedure
describes a MapReduce phase. Furthermore, the output of the reducer can be set
as the input of a map function, which gives to the user the flexibility to create
procedures of multiple steps.

Figure Fig. depicts the MapReduce programming model.

ST
' key1,value1 Reduce
Map Task part1
——
\ ) key3,value3
SR
) key1,value4 Reduce
Map Task part2
key2,value5
— key3,value6
M\ ST
~—u_] Mmap key1,value7 Reduce
Task < key2,value8 ;I;(ask:s) part3
ey
| key3,value9 —
HDFS input file
HDFS HDFS

Figure 2.1: MapReduce Programming Model
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2.2.2 Apache Hadoop Architecture

Apache Hadoop (Hadoop) [5] is an open-source software framework for scalable
and parallel processing big volumes of data on a cluster of commodity servers
using the programming model MapReduce. Hadoop architecture is divided into
three layers, the Hadoop Distributed File System (HDFS), the Apache YARN
(YARN) [6] and the MapReduce engine.

HDFS is the distributed file system of Hadoop. Data files imported in HDFS
are separated into smaller units called blocks (default block size is 128MB or
256MB) and stored in a distributed manner. The files in HDFS are managed in
a master-slave architecture. In a typical Hadoop cluster, there are two different
types of nodes, NameNodes and DataNodes. NameNode keeps the location of the
blocks of the files that are stored in the DataNodes. HDFS is a fault tolerance
file system as each block is replicated and stored on different DataNodes. The
number of copies (replication factor) of each block can be configured to any
value. In a typical installation, the replication factor is set to three.

MapReduce engine is the data processing layer of Hadoop. Users develop
MapReduce programs (Jobs), using the MapReduce programming model, in
various programming languages like Java, Ruby and Python. The input file of
the MapReduce job is usually a set of files stored on HDFS or data stored in
various databases.

Hadoop runs the map and the reduce functions of a job by dividing them
into tasks, the map tasks and reduce tasks running all in parallel. YARN (Yet
Another Resource Negotiator) is the resource management system of Hadoop.
YARN was introduced in version two of Hadoop as a task scheduler and run on
nodes in the cluster. If a task fails, it will be automatically rescheduled to run

on a different node providing fault tolerance to the system.

2.3 Apache Spark

Apache Spark (Spark) [IT}, [130] is also a parallel and fault tolerant programming
framework focusing on efficiently processing large amount of data in distributed

manner. Spark extends MapReduce framework in the following main aspects:

e It utilizes in-memory computations more efficiently and reduces communi-
cation with physical storage. In particular, MapReduce writes the data

to the physical storage after each operation, while Spark aims to copy
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the data from the physical storage into memory and performs most of its

operations in memory.

e Unlike MapReduce, where the processing is achieved through a sequence
of MapReduce steps, Spark supports directed acyclic graph (DAG) of

operations (enabling flexible flows of operations).

e Spark supports lazy evaluation (i.e., the execution is performed once an
action step is submitted), which provides a different way of achieving fault

tolerance, as well as enables better optimization of execution plan.

Spark allows programs input to be files stored in HDFS or data stored in
various databases. Due to the aforementioned features, Spark could be one

hundred time faster than Hadoop.

2.3.1 Apache Spark Programming Model

Spark relies parallel computation and fault tolerance on the Resilient Distributed
Dataset (RDD) [129], which represents a distributed collection of elements
partitioned across the nodes of the cluster.

Spark also provides a high level programming paradigm in multiple program-
ming languages and categorizes the available operations in two main categories:
transformations and actions. Transformations represent the type of operations
which transform an RDD to another RDD. Actions, on the other hand, represent
the operators triggering execution and producing a resulting dataset. Transfor-
mations in SPARK are lazy, that is they do not perform any processing tasks.
Transformations are computed when an action requires a result to be returned.
This design enables Spark to run more efficiently. Spark also supports working
with key-value pairs, similar to MapReduce, as well as it distinguishes operations
that are typically applied over each element of an RDD, on the elements of each
cluster node, and operations that require re-shuffling of the data.

It is worth mentioning that Spark also provides an table-like abstraction,
called DataFrame, as an additional immutable distributed collection of data.
Unlike an RDD, data is organized into named columns, like a table in a relational
database. DataFrames also support optimized operations like select columns,
filtering and joins over the distributed data that make large datasets processing
much easier, and allow Spark users to impose a structure onto a distributed

collection of data.
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Additionally, Spark includes the Spark SQL module for processing structured
data and the GraphX module that extends the Spark RDD for graph processing.
Since in this Ph.D. thesis we do not use all RDD transformations and actions as
well Spark SQL and GraphX, detailed information from previous could be found

in the official documentation of Spark.

2.4 NoSQL Databases

NoSQL (Not only SQL) databases [47] mainly refer to the database management
systems that do not conform to the conventional relational data model. NoSQL
databases are classified in the following four main categories, according to the
data model they use: key-value databases, wide-column databases, document
databases, and graph databases. The main feature of the NoSQL databases is that
they support data partitioning methods into a cluster of machines (cluster nodes).
The most usually used method of partition is the horizontal partitioning, where
data is separated into partitions (or shards). Vertical partitioning divides data
based on predefined groups of columns that are accessed together (e.g., column-
families in wide-column stores) into partitions. Data partitioning methods offers
scalability to the system and better query evaluation performance. Because
of the distributed capabilities of the NoSQL databases, these systems respond
the CAP Theorem [57] as they can only guarantee two of the following three
properties, Consistency, Availability and Partition Tolerance. Most NoSQL
databases support connectors (i.e., libraries) which allow those databases to be
used as either an input source or output destination, for both Hadoop MapReduce

and Spark jobs.

2.4.1 Key-Value Model

Key-Value databases (or Key-Values stores) can be considered as the most simple
NoSQL databases. The data model they use is key, value pairs. In the key-value
pair data model, the value represents data and the key is a unique identifier
of the value. According to the simplicity of the data model, Key-value stores
offer high scalability and efficient key-based search algorithms. Most popular
key-value stores are the in-memory database Memcached [16] that keep data
in memory providing fast searching methods, the persistent key-value database
Riak [21], and the hybrid databases, such as Redis [20] that use both in memory
(cache) and persistent storage methods. The value in most key-value stores is
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not limited to strings but can be a number of data structures including hashes,

lists, sets, etc.

2.4.2 Document Based Model

Document databases (or Document Stores) are document-oriented storage and
query systems. Documents are organized into collections. Each document has
semi-structured data either in JSON [15] or XML [96] encoding format. Among
the most popular databases in this category are MongoDB [I7] [43] and Couchbase
[13]. Document databases are usually schema-less systems as it is not required,
documents to have the same schema and the structure of the documents could
vary from document to document and can be changed over time. Additionally,
they support indices and offer balanced horizontal scaling as each document size
is typically small. The basic disadvantage is the lack of supporting efficient joins
over the stored collections. MongoDB stores and manages the documents data
as binary JSON-like documents (BSON documents). The ability of Document
Stores and particularly MongoDB for storing and querying linked data is studied
in Chapter [} A collection in a MongoDB database is a set of documents. Each
document can have many key-value pairs. The value can also be a key-value pair
so data are organized into a hierarchical manner into each document. MongoDB
supports horizontal scaling and powerful indexing strategies. The architecture
of a MongoDB shared cluster consists of (i) the servers called shards, each one
contains a subset of the documents, (ii) the servers called mongos which route the
query to the cluster and the (iii) the configuration servers that store metadata
and configuration settings for the cluster. MongoDB cluster is fault tolerant as
replication can be used to all servers. MongoDB supports a JSON like a query
language and indices to one or more keys of the documents for better query
performance. MongoDB support plugin [I4] which allow being used as either
an input source or output destination, for both Hadoop MapReduce and Spark

jobs. MongoDB guarantee consistency and partition tolerance (CP)

2.4.3 Graph Based Model

Graph databases (or Graph Stores) are graph-oriented storage, query and ana-
lytics systems. These systems efficient organize data as graphs consist of vertices
representing entities and edges representing relationships between them and
they are used for efficient entity relationship traversals. There are two main

categories of graph databases, the property graph databases in which data, in the
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key-value pair model, can be stored in every edge and relationship (e.g. Neo4J
[18] and Apache TinkerPop [12]) and the knowledge databases which use semantic
graphs using the RDF data model called RDF databases or simple triple stores
(e.g. Virtuoso, RDF-3X). Graph databases use graph-pattern matching query
languages. SPARQL is the only officially standardized query language. Cypher
and Gremlin are property graphs query languages designed for Neo4J and the
Apache TinkerPop respectively.

2.4.4 Column Based Model

Wide Column databases (or Wide Column Stores) are designed for storing data
tables as sections of columns of data, rather than as rows of data. Wide Column
Stores offer very high performance and a highly scalable architecture. Among the
most popular databases in this category are Cassandra [3] [79] and HBase [7, [55].
In this Ph.D. thesis, storing and querying linked data using Wide Column Stores

was not studied.
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Chapter 3

Definition of the Query

Evaluation Framework

In this chapter we (formally) define the main notions that we will use in the
following Chapters of this Ph.D. thesis.

3.1 Data and Query Graph

Let Us, and U, be two countably infinite disjoint sets of URI references, L be
a countably infinite set of (plain) literalsE] and V be a countably infinite set of
variables. In the following, we define two types of graphs, data graphs and query
graphs. The former describes the data model and the latter determines the form

of the query expressions over the stored data.

Definition 3.1.1. A triple (s,p,0) € Uso x Up X (Uso UL) is called a data triple.
In a data triple t = (s,p,0), s is called the subject, p the predicate and o the
object of t. A data graph G is a non-empty set of data triples. A data graph G’
1s a subgraph of a data graph G if G' C G.

Definition 3.1.2. A triple (s,p,0) € (Uso UV) x U, x (Uso UL UYV) is called
a query triple. In a query triple ¢ = (s,p,0), s is called the subject, p the
predicate and o the object of q. A query graph (or simply a query) Q is a
nonempty set of query triples. The output pattern O(Q) of a query graph Q is
the tuple (X1,...,X,), with n >0, of all the variables appearing in Q. A query

n this Ph.D. thesis we do not consider typed literals
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Q is said to be a Boolean query if n = 0. A query graph Q' is a subquery of a
query graph Q if Q" C Q.

Definition 3.1.3. Let G be a data or query graph. A directed path (or simply
path) in G is a sequence of triples (vo,p1,v1), (V1,D2,V2), ..., (Un_1,Pn,Vn) in
G, where n > 1. The length of the path is the number n of triples in the path.
A finite directed path always has a start node which corresponds to the subject
of its first triple, and an end node which is the object of its last triple. A cycle
18 a path in which the start node and the end node are the same. A path with no

repeated nodes (i.e. without cycles) is called a simple path.

The set of nodes of a data graph G (resp. a query graph @), denoted by
N(G) (resp. N(Q)), is the set of elements of Uy, U L (resp. Ug, UL U V) that
occur in the triples of G (resp. Q). The set of edge labels of a data graph G
(resp. a query graph Q), denoted by £(G) (resp. £(Q)), is the set of elements
of U, that occur in the triples of G (resp. @). Finally, the set of variables in a
query @ is denoted by V(Q).

Notice that the data graphs defined above correspond to ground RDF graphs
defined in [61]. Notice also that query graphs correspond to Basic Graph Patterns
(BGP) SPARQL queries [I15]. In the first three approaches of this Ph.D. thesis,
presented in Chapter [4] Chapter [§] and Chapter [6] we do not allow queries
with variables in the place of predicates. However, the three query evaluation
algorithms proposed in this Chapters of the Ph.D. thesis can be easily extended
to allow such variables.

Data and query graphs are graphically represented as follows: A node (subject
or object), which is a URI or a variable, is represented as a rounded rectangle,
while an object which is a literal is represented by a rectangle. Each triple
(s,p,0) is represented by a labeled edge s 250 connecting the nodes s and o.

In this Ph.D. thesis, we use strings with initial lowercase letters to represent
elements in U, (i.e., URIs corresponding to predicates), while strings with initial
uppercase letters denote elements in U, (i.e., URIs corresponding to objects and
subjects). Literals are represented as strings enclosed in double quotes. Finally,
we assume that variables are represented by strings whose first symbol is the

question mark symbol (7).

Example 3.1.1. Fig. (a) depicts a data graph showing information about

three journal papers, their authors and the relationships between the authors.

Fig.[3](b) shows a query graph.

20



hasSupervisor
hasAuthor

asSupervisor

hasAuthor
A sAuthor hasAuthor hasAuthor
hasAuthor  hasAuthor
hasTitle

year

publishedin
publishedin \
Journall “2008”
(Gouma) _ [z
“2005”
205 ]

(€Y (b)

Figure 3.1: (a) A data graph, and (b) a query graph

3.2 (Total) Embeddings

To show how the queries are evaluated over a data graph we use the notion of

total embeddings defined as follows.

Definition 3.2.1. A (total) embedding of a query graph Q in a data graph G
is a total mapping e : N (Q) — N(G) with the following properties:

1. For each node v € N(Q), if v is not a variable then e(v) = v.
2. For each triple (v1,p,v2) € Q, the triple (e(v1),p, e(va)) is in G.

The tuple (e(X1),...,e(X,)), where (X1,...,X,) is the output pattern of Q,

s said to be an answer to the query Q.

Example 3.2.1. Fig.[5.9 depicts an embedding of the query graph Q in data graph
G, where Q and G are the graphs appearing in Fig.[3.1 The answer obtained
by this embedding is (TA,TW,?T) = (Article2, Person3, “T'itle2”). Notice that
a second embedding exists giving the answer (?7A,TW,?T) = (Article2, Person2,
“Title2").

3.3 Data and Query Graph Decomposition

A crucial problem, when we use a cluster of computer nodes to evaluate queries,

is how to distribute the data in the computers of the cluster as well as how
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Figure 3.2: An embedding of the query graph @ in the data graph G.

to compute the queries on the distributed data. In this Section we define the

concept of data and query graph decomposition.

Definition 3.3.1. A data (resp. query) graph decomposition of a data (resp.
query) graph F is an m-tuple of data graphs Dp = (F1,...,Fy), where m > 1,
such that:

1. F;CF, fori=1,...,m, and

2.U,Fi=F.

Each data (resp. query) graph F; in a data (resp. query) graph decomposition
is called a data (resp. query) graph segment. When, in a data/query graph
decomposition, for all the pairs i, j, with 1 <i < j < 'm, it also holds F;NF; = 0,
i.e. data (resp. query) graph segments are disjoint of each other, then the data
(resp. query) graph decomposition is said to be non-redundant and the graph
(resp. query) segments obtained form a partition of the triples of data (resp.

query) graph F', called m-triple partition of F.

Notice that, F; # () for ¢ = 1,...,m, since, because of Definitions and
a data/query graph is nonempty.

It should be noted that, in a data or a query graph decomposition, a triple
is (in general) allowed to participate in multiple data or query graph segments.
At first sight, this redundancy seems to burden the system with the extra cost

of storing and managing or evaluating more data. However, as it is shown in
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subsequent chapters (see for example Chapter @, if it is used appropriately it
may lead to more efficient computation of the query answers, due to proper

parallelization of the query execution.

Definition 3.3.2. Let Dp = (Fi,..., Fy), with m > 1, be a data (resp. query)
graph decomposition of a data graph F', and F;, F;, with i # j, be two data (Tesp.
query) graph segments in Dp. A border node v of F; and Fj, is a node that
belongs to N'(F;) NN (F;) — L. By B(F;, F;) we denote the set of border nodes of
F; and F}, while, by B(F;), we denote the set U <j<myn(jzi) B(E:, Fj). Finally,
by B(F') we denote the set of all border nodes of F i.e. B(F) =J,<;<,, B(F).

Notice that, according to the above definition, literals that occur in more

that one segments in Dp, are not considered to be border nodes.

Definition 3.3.3. Let Dg = (Q1,...,Qy), where n > 1, be a query decompo-
sition of a query graph Q. A node n € B(Q) is said to be a common border
node if n € B(Q;) for each Q; in Dg. The set of common border nodes in Q is
denoted as CB(Q).

Example 3.3.1. A data graph decomposition Dg (more specifically o 3-triple
partition) of the data graph G of Fig. (a) appears in Fig. , The dark nodes
correspond to the border nodes between the data graph segments, that is:

B(G1) = {Persond, Articlel}

B(G2) = {Persond, Articlel, Article2}

B(Gs) = {Articlel, Article2}.

A decomposition Dg of a query @ into a 3 query graph segments (subqueries)
Q1, Q2, and Q3 is illustrated in Fig.[3} The border nodes between the query
graph segments are:

B(Q1) = {nl,n2} = {?7P1,7A}
B(Q2) = {n2,n3} = {7A,7P2}
B(Qs3) = {nl,n3} = {?P1,7P2}.
while the set CB(Q) of common border nodes in @ is empty.
Notice that the query decomposition appearing in Fig. is non-redundant.

Example 3.3.2. Consider the query graph Q appearing in the left part of
Fig. . Q represents the query: “Find an article (variable ?A) and its title
(variable ?T") published in Jowrnall, which has as authors a person (variable
?P1) and his supervisor (variable ?7P2)”. It is easy to see that the evaluation of

this query on the data graph G depicted in Fig. returns the answers:
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Figure 3.3: 3-triple partition of the data graph G of Fig. a).

Answer 1: (7P1,7A,7P2,7T) = (Persond, Articlel, Personl, “T'itlel”).

Answer 2: (7P1,7A,7P2,7T) = (Person2, Article2, Person3, “T'itle2”).

Notice, however, that, we cannot evaluate QQ on a single data graph segment
in De depicted in Fig.[3.3 Instead, all these graph segments are needed in order
to compute the answers to this specific query Q@ as each of them contains part of

the data needed to answer the query Q.

Query decomposition will be proved very useful in the subsequent Sections in
query evaluation. The general idea behind the algorithms that will be presented
is that, in order to find the answers to a query @, it suffices to decompose @
into a tuple of subqueries (Q1,...,Qm), find the answers (or partial answers)
of Q1, ..., @y, and then combine appropriately these answers to construct the

answers to the query Q.
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3.4 Partial embeddings

When a query @ is evaluated over a data graph segment G; of a data graph
G, it is likely that no embedding of @ in G; exists. However, this does not
necessarily mean that there is no embedding of @ in G, at all. Instead, it is
possible that ”"part” of an embedding of @) in G has images in G;, while other
"parts”of the embeddings have images in other data graph segments of G. Then,
to obtain the embedding of @@ in GG, we have to combine appropriately these

"partial embeddings”. This situation is formulated as follows:

Definition 3.4.1. A partial embedding of a query graph Q in a data graph G
is a partial mapping e : N(Q) — N(G) such that for every node v € N (Q) for
which e(v) is defined, the following properties hold:

1. if v is not a variable, then e(v) = v.

2. if v is a variable, then there exists a node u € N'(Q) for which e(u) is defined
and an edge label p € £(Q), such that (v,p,u) € Q and (e(v),p,e(u)) € G
or (u,p,v) € Q and (e(u),p,e(v)) € G.

A partial embedding is said to be non-trivial if there exists a triple (vi,p,va) € Q
such that both e(vy) and e(vs) are defined and the triple (e(v1),p, e(vs)) belongs
to G. In other words, a non-trivial partial embedding is a partial embedding that

maps at least one edge of Q in G.
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In essence, a partial embedding represents a mapping from a subset of nodes
and edges of @) to a given data graph G. In other words, partial embeddings
represent partial answers to @, provided that, they can be appropriately “com-
bined” with other “compatible” partial embeddings to give complete answers to
the query Q.

The intuition behind Condition (2) is that when e(v) is defined for a variable
v of a query @, then there is a triple ¢t in @ such that the variable is either
the subject or the object of ¢, and ¢ is mapped, through e, to a triple in the
data graph G. Notice that, as we will prove in the next Section, no answers are
lost by imposing this condition to the definition of partial embeddings, while it
substantially restricts the search space for computing partial embeddings.

It is easy to see that a total embedding e of @ in G is also a partial embedding
of @ in G. Moreover, a total embedding of a subquery of @), corresponds to a

partial embedding of Q.

Definition 3.4.2. Two partial mappings e; : D1 — Ry and es : Dy — Ry are
said to be compatible if for every node v € D1 N Dy such that e1(v) and ea(v)

are defined, it is e1(v) = ez(v).

Definition 3.4.3. Lete; : D1 — Ry and es : Dy — Ry be two compatible partial
mappings. The join of e; and ey is the partial mapping e : D1 U Dy — Ry U Ro
defined as follows:

e1(v) if e1(v) is defined
e(v) =14 ex(v) if e2(v) is defined and ey (v) is undefined
undefined if both e1(v) and e2(v) are undefined

Note that, the above definitions apply also to total embeddings as they are
partial mappings. Notice also that in the first case of Definition ea(v)
may be defined or not. If it is defined, then the compatibility of the two partial
mappings (embeddings) implies that ex(v) = e1(v). It is trivial to prove that
the join of two compatible partial embeddings is a partial embedding and that
the join operation is commutative and associative. Therefore, we can refer to
the partial embedding resulting by the join of n mutually compatible partial
embeddings without ambiguity.

It should also be noted that if @’ is a subquery of a query @) and e is a total
embedding of @’ in a data graph G, then e is a partial embedding of @ in G.

Example 3.4.1. The mappings ey, with e1(?A) = Article2 and e1(?T) = Title2,
and ez, with es(?A) = Article2 and ex(?W) = Person3, are partial embeddings
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of the query graph of Fig. (b) in the data graph of Fig. (a). e1 and es are
compatible and their join is the partial embedding es, with e3(?A) = Article2,
es3(?T) = Title2 and e3(?W) = Person3.

3.5 Special forms of queries

In this Section we define several special forms of queries. Notice that queries of
special forms are often easier to evaluate.

We begin by defining the path queries:

Definition 3.5.1. A query Q is said to be a path query of length n, with n > 1,

Zf it 1s Of the for‘m (UOapla Ul)) (U17p27 ’U2)a ey (U’rl—hpnv Un)~
We now define the generalized star queries as follows:

Definition 3.5.2. A query Q is called a generalized star query if there exists a
node ¢ € N(Q), called the central node of Q and denoted as C(Q), such that for

every triple t = (u, p,v) € Q it is either u =—c orv =c.

We now define three special forms of generalized star queries, namely subject
star queries, object star queries and subject-object star queries (s-query, o-query,

and so-query for sort respectively).

Definition 3.5.3. A generalized star query Q is said to be a subject star query
(resp. object star query) if for every triple t € Q the central node ¢ of @Q is the
subject (resp. object) of t.

Definition 3.5.4. A generalized star query Q is said to be a subject-object star
query if for every triple t € Q, the central node c of Q is either the subject or
the object of t and there is a triple t' € Q, such that c is the subject of t'.

The interest in the above special forms of queries lies in that these queries are
easier to evaluate (are evaluated more efficiently and are amenable to paralleliza-
tion) than the general query graphs. Besides, as we will see in the next Section,
we can easily decompose a huge data graph into a set of graph segments such
that a query (as those defined above) can be evaluated independently on each
graph segment. These special classes of queries have the following property: for
every query graph ) there exist a (non-redundant) decomposition into s-queries
(or o-queries, or so-queries, or path queries of length 1). This follows trivially
from the fact that every query that consists of a single triple belongs to each of

these classes of queries.
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The algorithms for query evaluation proposed in this Ph.D. thesis are based
on these observations. In the following Sections we will use two of the above
classes of queries, namely, generalized star queries and subject-object star queries

(so-star queries).
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Chapter 4

Query Evaluation by Joining
Partial Embeddings

In this Chapter, we present a query evaluation algorithm, called Query Evaluation
by Joining Partial Embeddings Algorithm, or QEJPE Algorithm for sort, based
on the idea of computing (possibly in a distributed manner) partial embeddings
of (sub)queries and appropriately joining them in order to construct the answers

of our query.

4.1 The QEJPE Algorithm

The query evaluation approach presented below, called QEJPE-algorithm, is
based on the idea of computing (possibly in a distributed manner) partial
embeddings of subqueries (query graph segments) of a query @ over data segments
of a decomposed data graph G and combining these partial embeddings to obtain
(total) embeddings of the initial query @ in the data graph G. To narrow down
the search space for finding partial embeddings we introduce the concept of

useful partial embeddings:

Definition 4.1.1. Let Dg = (Gi1,...,Gn), with m > 1, be a data graph
decomposition of a data graph G and let e be a partial embedding of a query
graph @Q in some G;. Then e is called a useful partial embedding of Q in G; if
the following conditions hold:

1. e is non-trivial.
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2. e is defined for all the nodes in (N(Q) NN (G;)).

3. for each triple (v,p,u) € Q, if e(v) is defined and e(v) ¢ (B(G;)UL), then
e(u) is also defined and (e(v),p,e(u)) is a triple in G;.

4. for each triple (v,p,u) € Q, if e(u) is defined and e(u) ¢ (B(G;)UL), then
e(v) is also defined and (e(v),p,e(u)) is a triple in G;.

Notice that, according to the above definition, if v is a non-variable node
of the query graph @) that maps to a non-border node of G;, then the second
property implies that e(v) is defined, and the third and fourth properties enforce
every triple that contains v to be mapped in G;. More generally, the edges which
start from or end to a node that maps to a non-border node in a data graph
segment G; should also have images that belong entirely to GG; otherwise the

partial embedding cannot be used to construct a query answer.

Lemma 4.1.1. Let Dg = (G1,...,Gn), with m > 1, be a (redundant or non-
redundant) data graph decomposition of a data graph G and let Q be a query

graph. Then the following statements are equivalent:
1. e is a total embedding of Q in G.

2. there exist mutually compatible useful partial embeddings eq, ..., er of Q in
Giy, ..., Gy, respectively, for some iy,... 4 with 1 <i; < ... <i <m,

that satisfy the following properties:

(a) for every triple (v,p,u) € Q there exists some j for which e;(v), e;(u)
are defined and (ej(v),p,ej(u)) € Gy;.

(b) the join of eq, ..., ey is e.

Proof. Assume that (1) holds, that is, e is an embedding of @ in G. Let
Q; = {(v,p,u) € Q| (e(v),p,e(u)) € Gi}, 1 <i < m, and let I be the set of
indices for which Q; is non-empty, that is, I = {i | Q; # 0}. Since the query
graph @ is non-empty, I must be also non-empty. Suppose that |I| = k and let
i1,...,1, be the elements of I in increasing order.

For every j, 1 < j <k, define the following mapping e; from @ to Gj;:

v if v is a non-variable node in N'(Q) N N(G;,)
ej(v) =4 e(v) if v is a variable node in NV(Q;;)

undefined otherwise
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It is not hard to see that e; is a partial embedding of @ in G;; and that the
join of ey, ..., ey is exactly e. Thus, property (2b) holds. In order to prove that
property (2a) holds, consider a triple (v,p,u) € Q. Then, (v,p,u) € Q;; for
some j, which implies that v,u € N(Q;,) and e(v),e(u) € N(Gj;). From the
definition of e; it follows that e;(v) = e(v) and ej(u) = e(u), which implies that
(ej(v),p,ej(u)) = (e(v), p,e(u)), which is in G, by the definition of Q;; .

It remains to prove that e; is useful. The fact that e; is non-trivial is
straightforward, since Q;; is non empty. Moreover, it obviously satisfies condition
(2) of Definition [£.1.1}

In order to prove that e; satisfies condition (3) of Definition consider a
triple (v, p,u) € @ such that e;(v) is defined and e;(v) ¢ (B(G;;)UL). Since e is
an embedding of @ in G, it must be (e(v), p,e(u)) € G. Moreover, e(v) = e;(v)
which implies that e(v) is not a border node of G;; nor an element of L. Therefore,
e(v) appears only in G, which implies that (e(v),p,e(u)) must be a triple in
Gi,. Hence, (v,p,u) € Q;;, which implies that u € N(Q;,) and by the definition
of ej it is e;(u) = e(u) (i.e. e;(u) is defined). The fact that (e;(v),p,e;(u)) is a
triple in Gy, is now clear, since it equals (e(v),p,e(u)). The proof for condition
(4) of Definition is similar.

For the other direction, assume that (2) holds. We first show that e (the join
of e1,...,ex) is a total mapping from N(Q) to N(G). Notice that ey, ..., ey are
compatible. Suppose that v € N(Q), that is, v appears in some triple of the
form (u,p,v) or (v,p,u) in Q. Then, e;(v) is defined for some j (by property
(2a)), which implies (using the definition of join) that e(v) is also defined.

We next show that e is an embedding of () in G. Let v be a non-variable
element in N(Q). From the definition of join, it must be e(v) = e;(v) for some
j. Since e; is a useful partial embedding, it is e;(v) = v. Therefore, it holds
e(v) =w.

Finally, consider a triple (v,p,u) € Q. By property (2a), there exists some
J such that (e;(v),p,ej(u)) € G;; which implies that (e(v), p,e(u)) € G (since
e(v) = ej(v), e(u) = e;j(u), and G;;, C G). O

Lemma 4.1.2. Let Dg = (Q1,...,Qn), withn > 1, be a query decomposition
of a query graph Q and G be a data graph. Then e is a total embedding of @ in
G if and only if there exist mutually compatible total embeddings eq, ..., e, of
Q1,...,Qn in G such that the join of eq, ..., e, is e.

Proof. For the one direction, assume that e is a total embedding of @ in G. For
every 7 define e; to be the restriction of e in N'(Q;) (that is, e; : N(Q;) — N(G),
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with e;(v) = e(v)). Obviously e; is a total mapping. Furthermore, for every
non-variable element v € N(Q;) it is e;(v) = e(v) = v and for every triple
(v1,p,v2) € Q; it is (e;(v1),p, ei(v2)) = (e(v1),p, e(v2)) € G, which implies that
e; is actually an embedding of @); in G.

Moreover, for every 4,j with i # j, if v € N (Q;) NN(Q;) then it is e;(v) =
ej(v) = e(v), which implies that e; and e; are compatible. Therefore, the join
e of e1,...,e, exists. It remains to show that ¢/ = e. Consider an arbitrary
v € N(Q). Then v appears in some triple ¢t € Q). Since Dg is a decomposition
of @, there exists some 4 such that ¢ € Q;. Thus, v € N(Q;), which implies that
e;(v) is defined. From the definition of join, it follows that ¢’(v) = ¢;(v), which
implies €' (v) = e(v).

For the other direction, assume that ey, ..., e, are compatible total embed-
dings of Q1,...,Q, in G and let e be their join. Using the same argument as
above, we can prove that for every v € N'(Q) there exists some ¢ such that e;(v)
is defined, which implies that e(v) is also defined. Thus, e is a total mapping.

We next show that e is an embeding of @ in G. Consider any non-variable
element v € N (G). Since e is total, e(v) is defined. From the definition of join,
there must be some ¢ such that e(v) = e;(v), which implies e(v) = v (since e; is
an embedding).

Finally, let (vy,p,v2) be a triple in Q. Since Dg is a decomposition of @),
(v1, p, v2) belongs to some Q;. Since e; is a total embedding of @; in G, it holds
(e;(v1),p,e;(v2)) € G, which implies (e(v1), p,e(v2)) € G. O

Theorem 4.1.1. Let Dg = (Q1,-..,Qn), withn > 1, be a query decomposition
of a query graph Q and Dg = (G1,...,Gn), with m > 1, be a data graph

decomposition of a data graph G. Then the following statements are equivalent:
1. e is a total embedding of Q in G.

2. for every j, with1 < j < n, there exist useful partial embeddings e; 1, ..., €;;
OfQj m Gij,n' .. ,G
m that satisfy the following properties:

ik, Jorsomeij 1, ... ik, withl <51 < ... <ijp, <

(a) for every j, with 1 < j <mn, and every triple (v,p,u) € Q; there exists
some { such that ej¢(v), e;¢(u) are defined and (e;o(v),p,eje(u)) €
G
(b) fOT’ every j17j2u€17£2; with 1 S jl S j2 S n, 1 S El S kj17 1 S 52 S

kj,, the partial embeddings e;, ¢, and e, o, are compatible.

i
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(c) the join of ejq, for all j € {1,...,n} and all £; € {1,...,k;} ise.

Proof. For the one direction, assume that (1) holds, that is, e is an embedding
of @ in G. From Lemma we conclude that there are mutually compatible
total embeddings eq,...,e, of Q1,...,Q, in G, such that the join of e, ..., e,
is e. Now, from Lemmawe conclude that, for each @), there exist mutually
compatible useful partial embeddings €;1,...,¢;x, of Q; in G, ..., Gij’k,j such
that property (a) holds and the join of e;1,..., e, is e;. In order to show that
propery (b) holds, suppose for the sake of contradiction, that e;, », and ej, o,
are not compatible, for some ji, jo, ¢1,f2. Then, there exists some v such that
€10, (V) # ej,.0,(v). Since e;, (v) = e, 4, (v) and e;, (v) = ej,,¢,(v), the total
embeddings e;, and ej;, must also be incompatible, which is a contradiction.

Therefore, property (b) holds. Finally, property (c) holds since for all j, the join

of ej1,...,€jk, is €; and the join of e1,..., e, is e.

For the other direction, assume that (2) holds. From Lemma it
follows that for every j, the join e; of the partial embeddings e;1,...,¢€;; is a
total embedding of @Q); in G. Moreover, the resulting embeddings eq, ..., e, are

mutually compatible, since we have assumed that e;, o, and e, ¢, are compatible
for all j1, ja, 1, 2. Now, from Lemma[£.1.2]it follows that the join e of e, ..., e,
is a total embedding of @ in G. O

Theorem [{.1.7] implies a generic query evaluation strategy, named Query
Evaluation by Joining Partial Embeddings (QEJPE) strategy consisting of four
steps. The algorithm assumes an arbitrary decomposition of the data graph G
into a tuple Dg of data graph segments G4y, ...,G,,, with m > 1, stored into a
cluster of computer nodes.

Step 1: Decompose the query @ into a tuple Dg of subqueries Q1, ..., Qn,
with n > 1.

Step 2: Compute all possible useful partial embeddings of each subquery
Q; over each data graph segment G; of G.

Step 3: For each subquery @), collect all the partial embeddings of Q;
obtained in Step 2 and join them to get total embeddings of Q.

Step 4: To construct the total embeddings (i.e. answers) of @, join the
total embeddings obtained in Step 3 by using one embedding

for each subquery, in all possible ways.
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Notice that the above generic query evaluation strategy has several interesting
properties: a) it is independent of the way the data graph is decomposed and
the way the data graph segments obtained by this decomposition are stored
in the nodes of the cluster, b) it is independent of the way the query graph is
decomposed, and c) it is independent of the algorithm used to compute (partial)
embeddings.

In Section [£:2] we present an implementation of this strategy on a cluster of

commodity computers based on the MapReduce programming framework.

4.2 A MapReduce Implementation of the QE-
JPE Algorithm

In this Section, we present a distributed algorithm implementing the query
evaluation approaches presented in Section The algorithm extends the
query evaluation approach presented in Section [4.1]in order to take advantage of
the commutation power provided by the MapReduce computation framework
presented in Subsection

The implementation of the proposed query evaluation algorithm in the
MapReduce programming framework consists of a preprocessing phase followed

by two MapReduce phases.

4.2.1 The Preprocessing Phase

The preprocessing phase is the first stage in the MapReduce implementation
of the QEJPE Algorithm, where the setting is prepared. Note that a very
similar preprocessing phase is also used in the MapReduce implementations of
the eval-STARS and QE-with-Redundancy algorithms presented in Chapter
and Chapter [0] respectively.

In particular, the preprocessing phase accepts a query @@ which is posed by
the user and decomposes it into a tuple of subqueries (Q1,...,Qy), with n > 1,
following the decomposition principles determined by the specific query evaluation
algorithm. These subqueries broadcasted or distributed to the mappers of the first
MapReduce phase of the query evaluation algorithm. Preprocessing phase also
constructs some auxiliary structures and emits them to the mappers/reducers that
implement the algorithm. To define these structures we assume an enumeration

ni,n2,...,nn (@) of the nodes of the query @, so that ny, na,...,npg) are
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the border nodes of Q and n5(Q)|+1; - - - MA(@)| are the non-border nodes of Q.
We denote by I the function that gives the index of a node in A(Q) with respect
to the above enumeration (that is, for every z € N(Q) it holds = = ny(,). We
also denote by I, the function from M(Q) — B(Q) to {1,...,|N(Q) — B(Q)|},
with Iny(2) = I(z) — |B(Q)]. Similarly, we assume an enumeration t1,ta, ..., #q|
of the triples in Q).

Using the above enumeration functions, we now define the concept of query
prototype. A query prototype is a triple of tuples of the form:

(BorderNodeFlags, NonBorder NodeFlags, TripleFlags)

where Border NodeFlags is a tuple of |B(Q)| items, one item for each border
node in B(Q). Similarly, the NonBorder NodeFlags is a tuple of |N(Q) — B(Q)|
items, one for each non border node in N (Q) — B(Q). Finally, the tuple
TripleFlag has |Q| items, one for each triple in Q.

Consider now that a query prototype is assigned to each (sub)query @;. Each
item in the tuples of the prototype has either the value '+’ to denote the presence
of the corresponding border node/non-border node/triple, in @Q;, or the value -’
to denote the absence of that node or triple.

We also construct a sefll] called Missing Border Nodes (MBN) as follows:
MBN = {(b;, Q;)| b; € B(Q) and b; ¢ N(Q,)}. An element (b;, Q;) in MBN
denotes that the border node b; of @@ does not appear among the nodes of the
subquery @Q; of Q.

Based on the idea of query prototype we can represent a partial or total
embedding e of a (sub)query in a similar way; i.e. as a triple of tuples of the
form (Border NodeV alues, NonBorder NodeV alues, TriplesM atched). More
specifically, Border NodeV alues stores the images of the border nodes of the
query through the (partial)embedding, while NonBorder NodeV alues stores the
images of non border nodes of the query. The star symbol ("*’) is placed in
the corresponding node place if no image of that node is defined in e. Finally,
TriplesMatched keeps track of the triples of the query that have images on the
data graph through the (partial) embedding e (by putting a '+’ sign or a -’ sign
in the corresponding place of T'riplesMatched).

In the preprocessing phase the users’ query @) is decomposed into a tuple
of subqueries (Q1,...,Q), with n > 1 and the auxiliary structures presented
above are constructed. Preprocessing phase emits these structures with key the

pair (subquerylD,SegmentID) to the mappers of Phase 1, except of M BN

!n the algorithms presented in this Section we represent the MBN set as list.
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list, which is emitted directly to the reducers of Phase 1.

Example 4.2.1. Consider the query Q appearing in Fig. and assume that the
subqueries Q1, Q2, and Q3 are constructed in the preprocessing phase. Assume
also that the numbering functions has numbered the nodes and the edges of @
as shown in Fig. , Then, it is easy to see that B(Q) = {nl,n2,n3} while
N(Q) — B(Q) = {n4,n5}. Finally, the lists of triples is (t1,t2,t3,t4,t5). It is
thus easy to see that the query prototypes for the subqueries Q1, Q2 and Q3 are:

QI: (<+,4+,->, < +>, <+yoeres+>)

Q2: (<, +,+>, <+,=>, <.+, +,->)

Q3: (<o 4>, <>, <, +,-5,->)
while the list of missing border nodes is MBN = [(nl,Q2), (n2,Q3), (n3,Q1)].

The implementation of the QEJPE-algorithm consists of two map-reduce

phases which follow the preprocessing phase :

1. In the first map-reduce phase the subqueries are applied to each graph seg-
ment, in isolation, and intermediate results are computed. More specifically,
the mappers of phase 1 compute useful (partial or total) embeddings of
the subqueries, by applying each subquery to each specific graph segment.
Then the reducers of phase 1 combine (i.e. join) the partial embeddings
to compute the total embeddings of each subquery. Notice that the total
embeddings of the subqueries are, in general, partial embeddings of the

query @ to the graph G.

2. In the second map-reduce phase, the embeddings of the subqueries are
combined appropriately to produce the embedding of the query @ on the
graph G. More specifically, the mapper of phase 2 fills the missing border
nodes in each sub-query embeddings using the values obtained from the
embeddings of the other subqueries. Then, reducers of phase 2 construct
the embeddings of the query @ by combining compatible embeddings, one

for each subquery.

4.2.2 Phase 1 of the QEJPE-algorithm

The mapper of phase 1 gets as input a subquery @); and a graph segment G; and
evaluates @; on G; obtaining in this way all useful (total and partial) embeddings.
These embeddings are emitted to the reducers of Phase 1 with key the subquery
ID @;. The procedure for the Mapper of Phase 1 is given below:
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mapperl ((Qi, G;), (GjData, subqueryInfo))
//(Qi,G;): Q; is the ID of a subquery, G; is the ID of a data segment
// GjData: the content of the data graph segment G;
// SubqueryInfo: prototypes/border & non-border nodes/triples of Q
begin
compute E = {e | e is a useful partial embedding of Q; in GjData};
for each e € E do emit ([Q,€]);

end.

Example 4.2.2. (Continued from Ezample . Some embeddings of the
subqueries Q1, Q2 and Qs (see Fig. in the segments G1, Gy and Gs (see
Fig. computed by the corresponding mappers and emitted with key the
subquery ID, appear below. More specifically, a total embedding evaluated and
emitted by the mapper working on (Q1,G1) 25E|

(1) key = Q1, value = (<Person4,Articlel,*>, <*"Titlel">, <+,_,_,_,+>)
The Mapper working on (Q2,G1) computes and emits the partial embedding:

(2) key = Q2, value = (<* Articlel,Persond>, <**>, <__ +,.,.>)
Among the embeddings obtained and emitted by the Mapper working on (Q1,G2)
is the (partial) embedding:

(3) key = Q1, value = (<Person2,Article2,*>, <**>, <+,_,_,_,>)
Among the embeddings obtained and emitted by the Mapper working on (Q2,G2)
are the (partial) embeddings:

(4) key = Q2, value = (<* Articlel,Personl>, <**>, <_,_,+,.,>)

(5) key = Q2, value = (<* Article2,Person3>, <**>, <_,_,+,.,.>)
The Mapper working on (Qs3,Ga) computes and emits the total embeddings:

(6) key = Q3, value = (<Person4,* Personl>, <**>,6 <_+,.,,.>)

(7) key = Q3, value = (<Person2,* Person3>, <**>, <_+,.,,>)
The Mapper working on (Q1,G3) emits the partial embedding:

(8) key = Q1, value = (<* Article2,*>, <*"Title2">, <_,_,_,_,+>)
The Mapper working on (Q2,Gs) emits the partial embeddings:

(9) key = Q2, value = (<* Articlel, *>, <Journall, *>, <_,_,_,+,>)

(10) key = Q2, value = (<* Article2,*>, <Journall, *>, <_,_,_,+,>)
Finally, the mappers working on (Qs,G3) and (Qs,G1) return no (partial or
total) embeddings.

2Notice that we can check if an embedding is total or partial by comparing it with the
corresponding subquery prototype (see Example [4.2.1). An embedding is total if it has images
for all (border and non-border) nodes and triples of the subquery (i.e. for all nodes and triples

of the subquery the '+’ sign appears in the corresponding place of the query prototype.)
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It is important to note that the procedure for the mapperl does not deter-
mine a specific method for the computation of the useful (partial) embeddings of
the subqueries. This means that, every algorithm that can compute all partial
embeddings can be used in a specific implementation of the mapperl. Moreover,
mapperl is independent of the way the data graph is stored.

A Reducer of Phase 1 receives all useful (partial) embeddings of a subquery
@Q; whose ID is the key of the reducer, in all graph segments Gy, ...,G,, of G.
A reducer: (a) computes all total embeddings of @; in G and emits them to
the mappers of Phase 2 with key the subquery ID, and (b) it finds all border
node values from the total embeddings of @); that are missing from the total
embeddings of other subqueries and emits them with the appropriate subquery
IDs as keys. The reducer is defined as follows’}

reducerl(Q;,values)
// Qi: a subquery ID.
// values: contains the list of the embeddings for Q; and the MBN list
begin
collect in a list F; the total embeddings of (); appearing in values or
obtained by joining compatible partial embeddings in values;
if F; is empty then EXIT; // there is no solution for the subquery Q;
// and thus for the original query Q
extract the MBN list from values;
foreach embedding e = (bnv, nbnv, tm) in F; do
begin
emit([Q;, (bnv, nbnv)]); // emits total embedding with key the subquery ID Q;
for i = 1 to |bnv| do
if (bnv[i] != "*’) then
for each (n;,Q;) in MBN do
emit([Q;, (i, brwli])]);
end
end

end.

Example 4.2.3. (Continued from Ezample . Among the total embeddings
of Q1 that constructs and emits reducer with key Q1 are:

(1)=> key = Q1, value = (<Person4,Articlel, *>, <*"Titlel">)

(3)+(8)=> key = Q1, value = (<Person2,Article2,*>, <*"Title2">)

3In the presentation of the procedures the following abbreviations are used: bnv stands for
BorderNodeValues, nbnv for NonBorderNodeValues, and tm for TriplesMatched.
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Taking into account the contents of the MBN list: MBN = [(n1,Q2), (n2,Q3),

(n3,Q1)] the reducer also emits the following missing border node values:
key = Q2, value = (1,Person2) key = Q2, value = (1,Person4)
key = Q3, value = (2,Articlel) key = Q3, value = (2 Article2), ...

The Reducer for key Q2 constructs and emits the total embeddings for Qs:
(4)+(9)=> key = Q2, value = (< * Articlel,Person1>, <Journall,*>)
(5)+(10)=> key = Q2, value = (<* Article2,Person3>, <Journall,*>)

and the following values for missing border nodes:
key = Q3, value = (2,Articlel) key = Q3, value = (2,Article2)
key = Q1, value = (3,Personl) key = Q1, value = (3,Person3), ...

Reducer for key Q8 emits:

(6)=> key = Q3, value = (<Person4,* Personl>, <**>)
(7)=> key = Q3, value = (<Person2,* Person3>, <**>)
key = Q2, value = (1,Person2) key = Q2, value = (1,Person4)
key = Q1, value = (3,Personl) key = Q1, value = (3,Person3)

4.2.3 Phase 2 of the QEJPE-algorithm

Each Mapper in Phase2 manipulates the embeddings of a specific subquery. It
fills in their missing border node values using values from the embeddings of other
subqueries that have been emitted by the reducerl based in the information in
MBN list and emits the resulted embeddings to the reducers of Phase 2 (the key

is the tuple of the border node values). The mapper of Phase 2 is given below:

mapper2(Q;, values)
// Qi: the ID of a subquery
// values: a list E of the parts (bnv, nbnv) of the total embeddings of Q; and
// a list V of pairs (i,v), where v is a candidate value for bnv[i]
begin
for each embedding e = (bnv, nbnv) in E do
for each instance bnv’ of bnv using the values in V' do
emit([bnv’, (Q;, nbnv)]);

end.

Example 4.2.4. (Continued from Ezample . Mapper with key Q1 receives:
E =[(< Person4,Articlel,*>, <*"Titlel”>), (< Person2,Article2,*>, <* " Title2">),...]
V = [(3,Personl), (3,Person3),... |

This mapper produces instances of the border node tuples in E by replacing the

*7in the 3rd place with a value in V. Among the key-value pairs obtained and

emitted in this way are:
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key = (Person4,Articlel,Personl), value = (Q1, <*"Titlel">)
key = (Person2,Article2,Person3), value = (Q1, <*,"Title2">)
The input of the Mapper with key Q2 is:
E = [(<* Articlel,Person1>, <Journall, *>),
(< * Article2,Person3>, <Journall,*>), ... |
V = [(1,Person2), (1,Person4), ...]
Some of the instances that this mapper produces and emits are:
key = (Person4,Articlel,Personl), value = (Q2, <Journall,*>)
key = (Person2,Article2,Person3), value = (Q2, <Journall,*>)
The input of the Mapper with key Q3 is:
E = [ (<Person4,* Personl>, <**>), (<Person2,* Person3>, <**>) ]
V = [(2,Articlel), (2,Article2)]
Some key-value pairs produced and emitted (as above) by this mapper are:
key = (Person4,Articlel,Personl), value = (Q3, <*,*>)
key = (Person2,Article2,Person3), value = (Q3, <* *>)

In each reducer of phase 2, the embeddings (one for each subquery in
(Q1,...,Qn)) are joinedﬁ to construct the final answers of Q). The reducer

of phase 2 is given below:

reducer2(key, values)
// key: a tuple of border node values
// values: pairs of the form (Q;, partial embedding for non-border nodes)
begin
for each join of compatible embeddings
obtained by using one embedding for each subquery do
Emit the result produced by this join;

end.

Example 4.2.5. (Continued from FEzample . The Reducer with key
(Persond, Articlel, Personl) receives the list:
[(Q1, <*"Titlel">), (Q2, <Journall,*>), (Q3, <**>)]
Combining (i.e. joining) these embeddings the reducer returns the answer:
< Person4,Articlel,Personl, Journall,” Titlel">
The reducer with key (Person2, Article2,Person3) receives the following list:
[(Q1, <*"Title2">), (Q2, <Journall,*>), (Q3, <**>)]
which joins giving the answer:

< Person2,Article2,Person3, Journall,” Title2" >

4Notice that the joined embeddings are, by construction, compatible.
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Notice that no other reducer returns solution (as they do mot receive embeddings
for all subqueries). This can be verified by considering all possible embeddings of
all subqueries, which do not appear, for space reasons, in the examples of this

Subsection.

4.3 Discussion

QEJPE-algorithm computes the answers to the given query @ correctly, inde-
pendently of a) the data graph partitioning, b) the way the graph segments are
stored, ¢) the query graph decomposition, d) the algorithm used for calculating
intermediate (partial) results.

Some improvements to the proposed algorithm are as follows :

1. In order to obtain all total embeddings of a subquery @; in reducerl
it suffices to combine partial embeddings obtained from different data
graph segments. However, such provenance information is not emitted
from mapperl in its present form. It is, however, easy to adapt the
QEJPE-algorithm, so as the mapper1 emits this information to reducerl
and the reducerl takes it into account to construct more efficiently total

embeddings of the subqueries.

2. In Example several instances of reducerl may emit the same values,
either embeddings or missing node values, to the mapper2. This is due
to the fact that the same embedding or the same candidate missing node
value may be found and emitted by several reducers. Thus, a specific
instance of mapper2 may receive multiple times the same value which
may lead in the construction of the same embedding several times. A
possible optimization is to eliminate redundant values from the lists F of
embeddings and the list V' of candidate values for missing nodes that an
instance of a mapper2 receives before the computation of embeddings

that will be emitted to reducer2 .
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Chapter 5

Query Evaluation by
Decomposing Queries Into

Generalized Stars

In this Chapter, we present a query evaluation algorithm, called eval-STARS
Algorithm, based on the idea of decomposing the given query @ into subqueries
of the form of generalized star, computing (possibly in a distributed manner) the
answers of these subqueries, and appropriately joining these answers to construct

the answers of the initial query Q.

5.1 The eval-STARS Algorithm

In this Section we present another approach, called eval-STARS algorithm, for
evaluating queries over linked data. The algorithm is based on assumptions
similar to these on which the QEJPE-algorithm, presented in Chapter {4} is
based. The main difference is that we now impose subqueries obtained from
the decomposition of a user query @ to be in the form called generalized star
queries. Besides, the algorithm based on evaluation of total embeddings of the
subqueries instead of partial embeddings.

As we proved in Lemma in order to compute the answers to a given
query in a data graph G, we can decompose the query into a tuple of subqueries,

compute the embeddings of the subqueries in G (which may be a more efficient
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task due to the simpler or special form of the subqueries) and then join these
embedding to obtain the desired result. However, given a target class of queries C,
it may not be always possible to decompose an arbitrary query @ into subqueries
that belong to C'. For example, if C' is the class of path queries of length 3, in
other words if the subqueries must be of the form {(u, p,v), (v,p’, w), (w,p”,2)},
then it can be proved that it is not possible to decompose every user query into
a set of path queries of length 3. Nevertheless, if the target class C' is the class
of generalized star queries, then for every query @ there exist a (non-redundant)
decomposition of @) into a tuple of generalized star subqueries. This trivially
follows from the fact that every query that consists of a single triple is also a
generalized star query (with either the subject or the object being the central
node). We next present a more general result, relating the decomposition of a
query graph @ into generalized star subqueries, to the node covers of this query

graph.

Definition 5.1.1. Let Q be a query graph. A set of nodes V. C N(Q) — L is
called a node cover of Q if for every triple (s,p,0) € Q, it holds either s €V or
oeV.

Lemma 5.1.1. Let Q be a query graph and V = {vy,...,vr} be a node cover
of Q. For each v; € V define the generalized star query Q,, = {t € Q | t =
(s,p,v)}U{t € Q| t= (vi,p,0) and o ¢ V}. Then Dg = (Quy;...,Qu,) 5 a
non-redundant decomposition of Q.

Proof. Tt easy to see that (Qy,,...,Q.,) forms a decomposition of @ since:

(1) by construction @,, C @, fori=1,...,k, and

(2) U; Qu, = Q, since for every triple t = (s,p,0) € Q, either s€ V oro e V.
If 0 € V then, by construction ¢ € @,. Otherwise (i.e. if s € V and o € V') then
teQs.

We will now prove (by contradiction) that Dg = (Qu,,--.,Qv,) is non-
redundant. Assume that Dg is redundant. Then there exists a triple ¢ =
(s,p,0) € @ such that ¢ belongs to two different subqueries in Dg. It is easy to
see that these subqueries should be @, and @, and s,o0 € V. However, since
t € Qg, then, by construction, o ¢ V, which contradicts with the fact that
s,0e V. O

Therefore, if a set of nodes is a node cover of a query @, then its elements
are the central nodes of the generalized star subqueries in a non-redundant

decomposition of (). It turns out that the converse also holds.
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Lemma 5.1.2. Let Q be a query graph, let Do = (Q1, . .., Qk) be a decomposition

of Q such that Q1,...,Qy are generalized star queries and let cq,...,cx be their
central nodes. Then {c1,...,cx} is a node cover of Q.
Proof. Tt immediately follows from Definitions [3.3.1] [3.5.2] and [5.1.1] O

Example 5.1.1. In Fig. we see a decomposition of the query Q into three
generalized star queries Q1, Q2 and Q3, which is obtained by the construction of

Lemma using the node cover {n4,n2,n5} of Q.

@ . (Qu) (H) Q)
nl 2P1 hasSupervisor- P2 nl 2P1 P1 2P1
nl nl
t4
hasAuthor hasAuthor hasAuthor hasAuthor hasAuthor hasSupervisor
2 t3
2 (o)
hasTitl o 15 6 "
asTitle publishedin publishedin year hasTitle t4
p ¥ publishedin pUbI'Shed";)e hasAuthor
n n3 n7 ne \ n3
T T n3 n7

Figure 5.1: Query decomposition into star queries.

Following the discussion above we can be specialize the generic query evalua-
tion strategy (QEJPE strategy) presented in Section obtaining in this way a
new algorithm called eval-STARS algorithm. As in the case of QEJPE strategy
we assume an arbitrary decomposition of the data graph G into a tuple Dg of
data graph segments G1,...,G,,, with m > 1, stored into a cluster of computer
nodes.

The eval-STARS algorithm consists of the following steps:

Step 1: Decompose the query @ into a tuple of generalized star sub-
queries Do = (Q1,...,Qy), with n > 1.

Step 2: Compute all possible embeddings of each triple in @) over each
data graph segment G; of G.

Step 3: For each subquery @;, collect the embeddings of all the triples

in ¢); and join compatible embeddings in all possible ways to

compute the total embeddings of @; in G.

Step 4: To construct the total embeddings (i.e. answers) of @, join the
total embeddings obtained in Step 3 by using one embedding

for each subquery, in all possible ways.
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Note that eval-STARS algorithm applies two query decomposition processes.
Initially, the given query is decomposed into generalized star queries (Step 1 of
eval-STARS) and each star query is further decomposed (Step 2 of eval-STARS)
into its triples. On the contrary, QEJPE applies a single decomposition (Step
1 of QEJPE). Following this stepwise approach of two decompositions, in fact,
we achieve the construction of the total embeddings in two phases, where each
phase gathers the compatible partial embeddings and join them together (i.e.,
it applies Lemma twice). Although this extra decomposition could be
thought of as a redundant step, in parallel computation (see Subsection ,
such an approach brings a significant performance improvement and facilitates

the distribution of both the intermediate data and the computation.

5.2 A Map-Reduce Implementation of the eval-
STARS Algorithm

In this Section we present a MapReduce based implementation of the eval-STARS
query evaluation algorithm presented in Section [5.1 The algorithm is based
on similar assumptions on which the QEJPE-algorithm is based. The main
difference is that in eval-STARS algorithm, a queries @ posed by the user is
decomposed into a tuple of queries (Q1,...,Q,), with n > 1, of a specific form
called generalized star queries. The query decomposition may be redundant or
non-redundant.

The implementation of the algorithm consists of a preprocessing phase fol-
lowed by two map-reduce phases: The first map-reduce phase takes advantage of
the generalized star form of the sub-queries and focuses on evaluating the gener-
alized star subqueries over the input segments. The results of the sub-queries are
emitted to the second phase, which combines them properly in order to produce

the answers of the initial query.

5.2.1 Preprocessing Phase

In the preprocessing phase the users’ query () is decomposed into a tuple of
generalized star subqueries, with n > 1 and the auxiliary structures presented
in Subsection are constructed. Preprocessing phase emits these structures
with key the pair (subqueryID, SegmentID) to the mappers of Phase 1.
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Example 5.2.1. Consider the query graph appearing in the left part of Fig.
which is decomposed into three generalized star subqueries Q1, Q2, and Q3
appearing in the right part of Fig. [5.1, The border nodes are B(Q) = {n1,n2,n3},
while the non-border nodes are N'(Q) — B(Q) = {n4,n5,n6,n7}.

The query prototypes are the following:

Qi (KH 4>, <Ho >, <Frormppmrmr+4+>)
Qa2 (<H 4, 4+>, <cpmre >, <oy Frmmrtrdrm=>)
Qz: (<+,+.->, < +>, <ot Frara>)

The list MBN = [(n2,Q1), (n3,Q3)] is also constructed in preprocessing phase.

5.2.2 Phase 1 of the algorithm

The first phase of the algorithm computes the embeddings of the generalized
star subqueries @1, ...,Q, in G.

In Phase 1 each mapper gets as input a generalized star subquery @;, a graph
segment G; and the M BN list. Let ¢; = C(Q;) be the central node of @; (recall
that this node appears in every triple of @;). The operation of the mapper is
divided into two parts.

Part 1: The mapper computes the embeddings of each triple of Q; in G; that
map the central node ¢; to a border node or to a literal, and emits the results to
appropriate reducers. More specifically, let ¢ = (s, p,0) be a triple that belongs
to subquery @; and let e be an embedding of ¢ into G such that e(c;) € B(G,).
If the central node of Q; is s then the mapper emits a pair (key, value), where
key = (Q;,e(s)) and value = (o0,e(0)). Otherwise (i.e., if the central node of Q;
is 0) then key = (Q;,e(0)) and value = (s, e(s)).

Notice that embeddings of triples in @; that map ¢; to different nodes of
G are incompatible and cannot be joined to obtain an embedding of ;. Since
the value of ¢; is included in the key, incompatible embeddings of triples are
emitted to different reducers, while compatible embeddings are emitted to the
same reducer.

Part 2: This part of the mapperl computes all embeddings of @); into G
which map the central node of @; to a non-border and non-literal node of Gj.
Notice that if for some embedding e of @); in G the value of ¢; is a non-border
and non-literal node of G; (i.e., is e(¢;) € (N(G;) — (B(G;)UL))), then e(v) € G,
for every node v € N(Q;). This means that e is an embedding of @Q; into G,
and it can be computed locally i.e. no other data graph segments are needed to

compute e.
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The computation of the embeddings of (); into GGj, which map ¢; to a non-
border node of GG; can be achieved either by adding an appropriate conjunct to
Q;, or by computing all the embeddings of @); in G; and then removing those
that assign border nodes to ¢;. The embedings computed in the second part of
the mapper are directly emitted to the mappers of Phase 2 (rather than to the
reducers of Phase 1). Similarly, the values of missing border nodes are emitted

to the mappers of Phase 2.

mapperl((Q;, G;), (GjData, B(GjData), subqueryInfo, MBN))
//(Qi,G;): Qi is the ID of a subquery; G; is the ID of a data segment
// GjData: the content of the data graph segment G;
// B(GjData): the set of border nodes of G
// Subquerylnfo: prototypes/border & non-border nodes/triples of Q
// MBN: the list of missing border nodes
begin
Let ¢; = C(Qq);
% Part 1
foreach triple t = (c;, p,0) in Q; do
begin
compute E = {e | e is an embedding of t in GjData and e(c¢;) € B(GjData) };
foreach embedding e in E do
emit ([(Qs, e(ci)), (0, €(0))]);
end
foreach triple t = (s,p,¢;) in Q; do
begin
compute E = {e | e is an embedding of t in GjData and e(c;) € (B(GjData) U L) };
for each embedding e in E do
emit ([(Qs, e(ci)), (5, (5))]);
end
% Part 2
compute E = {e | e is a embedding of Q; in GjData and e(c;) ¢ (B(GjData) UL) };
for each embedding e = (bn,nbn) in E do
begin
emitToSecondPhase([Q;, (bnv, nbnv)]); // i.e. to the mapper of phase 2
for k = 1 to |bnv| do
if (bnv[k] = "*’) then
for each (ny,Q;) in MBN do
emitToSecondPhase([Qj;, (nk, bnv[k])]);
end

end.
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Example 5.2.2. (Continued from Ezample . In this example, we assume
that the query graph @QQ and its generalized star subquries are those appearing in
Fig. while the data graph G and the graph segments obtained by decomposing
G are those appearing in Fig. [3.3 Below, we see the application of mapperl
on the pairs of subqueries and graph segments:
Applying mapperl on (Q1, G1) results in emission (see Part 1 of the procedure
for mapperl) of the following (key,value) pairs to the reducerl:

key = (Q1, Articlel), value = (nl, Person4) (embedding of t1)

key = (Q1, Articlel), value = (n6, “Titlel”) (embedding of t7)
No key value pairs are emitted to Phase 2 (see Part 2 of the procedure for
mapperl).
Applying mapperl on (Q2, G1) results in emission (see Part 1) of the following
key,value pair to the reducerl:

key = (Q2, Articlel), value = (n1, Person4) (embedding of t2)
Besides, the following key,value pairs are emitted directly to the mapper2
(Mapper of Phase 2) (see Part 2):

key = Q2, value = (<Person4,Article3,Journal2>, <* ** “2008">)

key = Q1I, value = (n2, Article3)

key = @3, value = (n3, Journal2)
Notice that the last two emissions are conducted by the MBN list which, as we
have seen in Example is MBN = [(n2,Q1), (n3, Q3)].
Applying mapperl on (Qs, G1) results in emission (see Part 1) of the following
(key,value) pairs to reducerl:

key = (Q3, Person4), value = (n2, Articlel) (embedding of t4)

key = (Q3, Person4), value = (n2, Article3) (embedding of t4)
No key value pairs are emitted to Phase 2.
Applying mapperl on (Q1, G2 ) results in emission (see Part 1) of the following
(key,value) pairs to reducerl:

key = (Q1, Articlel), value = (nl1, Personl) (embedding of t1)

key =(Q1, Articlel), value = (nl, Person2) (embedding of t1)
No key value pairs are emitted to Phase 2.
Applying mapperl on (Q2, G2 ) results in emission (see Part 1) of the following
key,value pairs to the reducerl:

key = (Q2, Articlel), value = (nl, Personl) (embedding of t2)

key = (Q2, Articlel), value = (nl, Person2) (embedding of t2)

key = (Q2, Article2), value = (nl, Person2) (embedding of t2)

key = (Q2, Article2), value = (n1, Person3) (embedding of t2)
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No key value pairs are emitted to Phase 2.
Applying mapperl on (Qs, Ga) results in no emission of any (key,value) pair
to reducerl (see Partl). However, the following (key,value) pairs are emitted
(see Part 2) to mapper2:

key = Q3, value = (<Person4, Articlel, *>, <*, Personl,*, *>)

key = Q3, value = (<Person2, Article2, *>, <*, Person3, *, *>)

key = Q1I, value = (n2, Articlel)

key = Q1, value = (n2, Article2)
Applying mapperl on (Q1, G3) results in emission of the following (key,value)
pair to reducerl:

key = (Q1, Articlel), value = (n3, Journall) (t8)
No key value pairs are emitted to Phase 2 (see Part2).
Applying mapperl on (Q2, G3) results in emission of the following (key,value)
pair to reducerl:

key = (Q2, Articlel), value = (n3, Journall) (t5)

key = (Q2, Article2), value = (n3, Journall) (t5)

key = (Q2, Article2), value = (n7, “2008") (t6)
No key value pairs are emitted to Phase 2.

Applying mapperl on (Qsz, Gs) results in no emission of any (key,value) pair.

Concerning the Reducer of Phase 1 For each key (Q;,v) the corresponding
reducer computes all the embeddings of (); that map the central node ¢; of Q;
to v. The input to this reducer is a list of pairs of the form (ng, u), where ny, is a
node of @; different from c¢; and u is a possible value for n; in an embedding of

Qi in G. Suppose that ng,,nk,, ..., Nk, are the non-central nodes in ;. Then,

for every j =1,...,m, the reducer constructs a set L[k;] of all possible values
for node ny,. More specifically, for each element (1,2, ...,2y) of the cartesian
product L[k;] x Llks] X ... X L[ky,], it constructs an embedding e = (bnv,nbnv)
of Q; in G, such that e(c;) = v and e(ny;) = x; and emits (Q;, (bnv,nbnv)) (see
Subsection for the representation of an embedding). Moreover, if at least
one embedding of @; has been found, Reducer 1 emits the values of missing

border nodes.

reducerl((Q;,v), values)

// Qi: a subquery ID

// v: the value of the central node of Q;

// values: contains (i) a list of pairs (z,u), with x # C(Q;) and
u Is a candidate image of x and (ii) the M BN list.
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begin
% Part 1
allNonEmpty = true;
foreach non-central node = in @Q; do
begin
L[I(z)] ={u| (z,u) € values};
if L[I(z)] = 0 then allNonEmpty = false;
end
% Part 2
if allNonEmpty = true then // i.e. there are values for all non-central nodes of Q;
begin
create an embedding with undefined values;
(bnv,nbnv)= ((*,...,%), (x,...,%));
ci = C(Qi);
LlI(e) = {o};
if ¢; is a border node then
bnv([I(c;)] = v;
else nbnv[l,(c;)] = v;
E = {(bnv,nbnv)};
for each non-central node x in @Q; do
begin
E' =;
foreach e in E do
foreach u in L[I(x)] do
begin
create a copy e’=(bnv’,nbnv’) of e;
if ¢ is a border node then
bnv’[I(x)] = u;
else nbnv’[I,p(z)] = u;
insert (bnv’,nbnv’) in E’;
end
E =F';
end
foreach embedding e = (bnv, nbnv) in E do
emit([Q;, (bnv, nbnv)]);
foreach (z,Q;) in MBN do
if x is a node in @); then
foreach u in L[I(z)] do emit([Q;, (z,u)]);
end

end.

50



Example 5.2.3. (Continued from Example .
The reducer with key (Q1, Articlel) receives the following list of values:
[(ny, Persond), (ng, “T'itlel”), (n1, Personl), (n1, Person2), (ns, Journall)].
Notice that, as we can conclude from the sub-query prototypes appearing in
Ezample [5.2.1], the border nodes of Q is B(Q) = {n1,n2,n3}, while the non-
border are N(Q) — B(Q) = {n4,n5,n6,n7}. Besides, from Fig. we see
that the central node of Q1 is ny while its non-central nodes are ni, ng and ng.
Finally, the MBN list is MBN = [(na,Q1), (n3, Q3)]. Taking into account the
above, the reducerl with key (Q1, Articlel), concludes by applying Partl of
the procedure that it has received values for all non-central nodes of Q1. More
specifically, reducerl constructs the following lists:

L[1] = [Personl, Person2, Person4]

L[3] = [Journall]

L[6] = [“Title1"]
which contain the values for the non-central nodes ny, nz and ng respectively.
Combining these values, as well as the value Articlel of the central node ny,
reducerl in Part 2 constructs and emits the following (key, value) pairs (that
represent embeddings of Q1):

key = Q1, value = (<Personl,* Journall>, <Articlel,* Titlel,*; )

key = Q1, value = (<Person2,* Journall>, <Articlel,* Titlel,*; )

key = Q1, value = (<Person4,* Journall>, <Articlel,* Titlel,*; )
Besides, reducerl, based on the MBN list, emits the following:

Q3, (n3,Journall)
The reducer with key (Qq, Articlel) receives the following list of values:

[(n1, Person4), (n1, Personl) (nl, Person2), (n3, Journall)].
Based on this values it constructs the following lists (corresponding to the values
of the non-central nodes ni, ny and ny of the subquery Q2 ):

L[1] = [Personl, Person2, Person4]

L[3] = [Journall]

L7 =[]
From the above we see that the list for the non-central node ny is empty. Thus,
these values cannot be user to construct a valid embedding for the query Q.
Therefore, nothing is emitted to the next phase from this reducer.
The reducer with key (Q2, Article2) receives the following list of values:

[(n1, Person2), (n1, Person3), (n3, Journall), (n7, “2008")].
It constructs the lists:

L[1] = [Person2, Person3]
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L[3] = [Journall]

L[7] = [“2008"]
Combining these values, as well as the value Article2 of the central node no,
Part 2 of reducerl constructs and emits the following (key,value) pairs (that
represent embeddings of Q2):

key = Q2, value = (<Person2,Article2, Journall>, <* ** “2008">)

key = Q2, value = (<Person3,Article2,Journall>, <*** “2008">)
Besides, reducerl, based on the MBN list, emits the following:

key = QI, value = (n2,Article2)

key = Q3, value = (n3,Journall)
The reducer with key (Qs, Persond) receives the following list of values:

[(n2, Articlel), (n2, Article3)].
Based on this values it constructs the following lists (corresponding to the values
of the non-central nodes ny and na of the subquery Qs):

L[] =[]

L[2] = [Articlel, Article3]
From the above we see that the list for the non-central node ny is empty. Thus,
these values cannot be used to construct a valid embedding for the query Qs.

Therefore, nothing is emitted to the next phase from this reducer.

5.2.3 Phase 2 of the algorithm

Phase 2 of the algorithm is similar to the Phase 2 of the QEJPE-algorithm
presented in Subsection |4.2.3] The input of each mapper of Phase 2, consist of
all the embeddings of a specific subquery @Q;. Besides, for each border node that
does not occur in @);, mapper gets as input, the values assigned to this node by
the embeddings of the other queries. These values are sent by the mappers and
reducers of Phase 1 based on the MBN list. Based on its input, the mappers of
Phase 2 fills in their missing border node values using the corresponding input
values, and emits the resulted embeddings to the reducers of Phase 2 using as
key the tuple of the border node values. This means that two embeddings are

emitted to the same reducer if and only if they are compatible.

mapper2(Q;, values)

// Qi: the ID of a subquery

// values: a set E of the parts (bnv, nbnv) of the total embeddings of Q;
// and a set V of pairs (ny,v), where v is a candidate value for bnv/[k]

begin
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foreach embedding e = (bnv, nbnv) in E do
foreach instance bnv’ of bnv using the values in V do
emit([bnv’, (Q;, nbnv)]);

end.

Example 5.2.4. (Continued from Ezample . The mapper that works
for the subquery Q1 (i.e. the key is Q1), gets a list of values that contain the
embeddings of Q1 in G:

(<Personl,* Journall>, <Articlel, * Titlel,*>)

(<Person2,* Journall>, <Articlel, * Titlel,*>)

(< Person4,* Journall>, <Articlel, * Titlel,*>)
and the values of missing border nodes emitted by the mappers and reducers of
the Phase 1 directly to the mappers of Phase 2 (see Example .'

(n2, Articlel), (n2, Article2), (n2, Article3)
The mapper2 emits the following (key,value) pairs to the reducer2 (reducer
of Phase 2) by completing the missing node values:

key = (<Personl,Articlel,Journall>), value = (Q1, <Articlel,* Titlel, *>)

key = (<Personl,Article2,Journall>), value = (Q1, <Articlel,* Titlel, *>)

key = (<Personl,Article3,Journall>), value = (Q1, <Articlel,* Titlel, *>)

key = (<Person2,Articlel, Journall>), value = (Q1, <Articlel,* Titlel,*>)

key = (<Person2,Article2, Journall>), value = (QI, <Articlel,* Titlel,*>)

key = (<Person2,Article3,Journall>), value = (Q1, <Articlel,* Titlel, *>)

key = (<Person4,Articlel,Journall>), value = (QI1, <Articlel,* Titlel,*>)

key = (<Person4,Article2,Journall>), value = (Q1, <Articlel,* Titlel, *>)

key = (< Person4,Article3,Journall>), value = (Q1, <Articlel,* Titlel, *>)
The mapper that works for the subquery Qo (i.e. the key is Q2 ), receives a list
of values containing the following embeddings of Q2 in G:

(< Person4,Article3, Journal2>, <*** “2008"> )

(< Person2,Article2, Journall>, <** * “2008"> )

(< Person3,Article2, Journall>, <*** “2008">)
Notice that Q2 has no missing border nodes. The mapper emits the following
(key,value) pairs to the reducers of Phase 2:

key = (<Person4,Article3,Journal2>), value = (Q2, <** * “2008">)

key = (<Person2,Article2,Journall>), value = (Q2, <** * “2008">)

key = (<Person3,Article2, Journall>), value = (Q2, <** * “2008">)
The mapper that works for the subquery Qs (i.e. the key is Q3), receives a list
of values that contain the embeddings of Qs in G:

(< Person4,Articlel, *>, <* Personl,* *>)
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(< Person2,Article2,*>, <* Person3,* *>)
and the values of missing border nodes:

(n3, Journall),(n3, Journal2)
The mapper2 emits the following (key,value) pairs to the reducer2 (reducer
of Phase 2) by completing the missing node values:

key = (<Person4,Articlel,Journall>), value = (Q3, <* Personl,* *>)

key = (<Person4,Articlel, Journal2>), value = (Q3, <* Personl,* *>)

key = (<Person2,Article2, Journall>), value = (Q3, <* Person3,* *>)

key = (<Person2,Article2, Journal2>), value = (Q3, <* Person3,*,*>)

Concerning the reducers of Phase 2, each reducer gets as input embeddings
for each sub-query that are compatible (each one of them assigns the values in
the key of the reducer to the border nodes of the query). The embeddings (one

for each subquery in (Q1,...,Qy)) are joined to construct the final answers of

Q:

reducer2(key, values)
// key: a tuple of border node values
// values: pairs of the form (Q;, partial embedding for non-border nodes)
begin
foreach join obtained by using one embedding for each subquery do
Emit the result produced by this join;

end.

Example 5.2.5. (Continued from Ezample m
The reducer with key <Person2, Article2,Journall> receives the following list
of values:
[(Q1, <Articlel,* Titlel, *>),
(Q2, <***"2008">),
(Q3, <* Person3,**>)]
and constructs the unique embedding of @ in G:
(< Person2, Article2, Journall>, <Articlel, Person3, Titlel, “2008">)
The remaining 11 reducers do not return any answer (they don’t receive values

for at least one subquery).

5.3 Discussion

Due to the specific form in which the user query @ is decomposed, namely the

generalized star queries, the eval-STARS algorithm can compute embeddings
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more efficiently than QEJPE-algorithm computes partial embeddings of the
subqueries of Q.

Notice also that mapperl computes and emits directly to mapper2 total
embeddings of the subqueries that map their central nodes to non-border nodes of
the data graph segment. This is also an advantage of the eval-STARS algorithm
compared with the QEJPE-algorithm.
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Chapter 6

Query Evaluation by Data
Decomposition Using

Replication

In this Chapter we present a query evaluation algorithm, called QE-with-
Redundancy Algorithm, based on the idea of employing a specific form of data
decomposition which allows replication (in a controlled form) which facilitates

the efficient evaluation of (a specific form) of queries.

6.1 The QE-with-Redundancy Algorithm

In this Section we propose a query evaluation approach, called QFE-with-Redundancy,
which uses a specific form of replication in the data graph decomposition to

efficiently answer queries. More specifically:

(a) Data graphs are decomposed into data graph segments in which replication
of the data triples is allowed. Data triples are replicated in such a way
that all the answers to a special form of queries, namely subject-object
star queries, can be obtained from a single data segment. The partition
of the data graph is specified by an arbitrary partition of the data nodes,
while data segments consist of the in- and out-edges of each block of nodes.
Therefore, triples containing nodes that are in two different blocks occur

in both segments of the data graph corresponding to these blocks. This
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redundancy, as we show, ensures that the subject-object star subqueries

can be easily evaluated over each segment, independently.

(b) Each query posed by the user is decomposed into a tuple of subject-object

star subqueries.

In the evaluation strategy presented in this Section, our aim is to construct
the embeddings of a query @ in a data graph G, by appropriately combining
embeddings (i.e. joining compatible embeddings) of so-subqueries of ) over the
proper sugbgaphs of G.

The following lemma refers to the compatibility of embeddings:

Lemma 6.1.1. Let Dg = (Q1,...,Qn), withn > 1, be a query decomposition
of a query graph @ and Dg = (G1,...,Gn), with m > 1, be a data graph
decomposition of a data graph G. Let eq, and eq; be two embeddings of the
subqueries Q; and Q; respectively, with 1 <i % j <n, on two (not necessarily
different) graph segments Dy, and Dy in Dg. Let B(Q;, Q;) be the border nodes
of Qi, Qj. Then eq, and eq, are compatible if and only if for each node
v € B(Qs,Qj), it holds that eq, (v) = eq, (v).

Proof. Tt immediately follows from Definitions and O

In the following definition we present a decomposition scheme for a data

graph G, called star-oriented decomposition (or simply s-decomposition).

Definition 6.1.1. A star-oriented decomposition (or s-decomposition for short)
of a data graph G is a tuple of graphs Dg = (G1,...,Gp), with m > 1, if
Np = (Ny,...,Np,) is a partition of the nodes in N(G) — L and for each i, with
1<i<m, G ={t|t=(s,p,0) and t € G and s € N; or o € N;}. Subgraphs
G1,...,Gp, are called s-graph segments. A node in N(G;) — L — N; is called a
replicated node in G;. A replicated triple t = (s,p,0) in a s-graph segment G;

is a data triple in G; such that ether s or o is a replicated node.

In the following, the set of replicated nodes in a s-graph segment G is denoted
by Rn(G;). The replicated nodes of a data graph G is Ry (G) = U, Rn(Gs).
Similarly, the set of replicated triples in a s-graph segment G; is denoted by
R:(G;). Finally, replicated triples of a data graph G is R¢(G) = |J; R+(G5).

Example 6.1.1. Fig. shows an s-decomposition of the data graph G of
Fig. (a), which is based on the following partition of the set of nodes in
N(G) - L:
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Ny = {Articlel, Article3, Journal2, Persond}
Ny = {Personl, Person2, Person3}
N3 = {Article2, Journall}.
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Figure 6.1: An s-decomposition of the data graph G of Fig.

The grey colored nodes in the segments G1, Ga, and Gs correspond to the
nodes in Ny, No and N3, respectively, while the pink colored nodes are the
replicated nodes. Finally, the dashed lines in the graph segments correspond to
replicated data triples.

Consider now the query graph Q appearing in the right part of Fig.[3.1. It
is easy to see that we cannot obtain the solution described in Ezample[3.1.1) by
finding an embedding of @ in a single graph segment of G appearing in Fig.

(as such an embedding does not exist).

The following lemma presents some interesting properties of the star-oriented

decomposition of a data graph.

Lemma 6.1.2. Let Dg = (G1,...,Gp,), with m > 1, be an s-decomposition
of a data graph G based on the partition Np = (N1,...,Np,) of the nodes in
N(G) — L. Then the following hold:

1. (N(G;) — L) D Ny, for each i, with 1 <i <m.
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2. Uicm N(Gi) = N(G)
3. Uiem Gi =G

4. Consider a node s € Ry(G;). Then for each triple t = (s,p,0) € G; it
holds that o € N; and t € R+(G;).

5. Consider a node o € Rn(G;). Then for each triple t = (s,p,0) € G; it
holds that s € N; and t € R+(G;).

6. For each node v € Ry(G;), with 1 < i < m there exists an index j, with
1<j<m andi#j, such that v € Nj.

7. For each triple t € R (G;), with 1 < i < m, there exists an index j, with
1<j<m andi#j, such thatt € G;.

Proof.
Proof of 1: It immediately follows from Definition [6.1.1
Proof of 2: Let v be a node in | J,., N(G;). Then, there exist a triple (s,p,0) €
G;, for some i, such that v = s or v = 0. Since G; C G, we have (s,p,0) € G,
which implies that s,0 € N(G). Therefore, v € N(G).

Now let v a node in N'(G). Then, there exist a triple (s,p,0) € G, such that
v = s or v = 0. Since s is the subject of this triple, it must be s € N(G) — L,

i<m

which implies that s € N;, for some i. Therefore, (s,p,0) € G; and thus
s,0 € N(G;). Consequently, v € |, ,, N(G;).

Proof of 3: From Definition we;conclude that Uigm G; € G. To prove the
inverse let t = (s,p,0) be a triple in G. Then s € (M(G) — L). Thus s € N; for
some ¢ with 1 < ¢ < n. Hence, by construction of the s-segments, ¢t € G; and
therefore t € |J,,,, Gi. Therefore, G C |J,,, Gi-

Proof of 4: It immediately follows form Definition [6.1.1

i<m

Proof of 5: It immediately follows form Definition [6.1.1

Proof of 6: As v € Rn(G;), from Definition we conclude that v € N;. But
as v is a node in N (G) — L, the node v should belong to another set N;, with
j # i, of the partition of the nodes in N'(G) — L.

Proof of 7: Assume that t is of the form t = (s,p,0). As t € Ry(G;), from
Definition we see that either s or o is a replicated node in R x(G;). Assume
that the replicated node is s. Then, from (6) we conclude that there is an index
j # i such that s € N;. Then, from Definition [6.1.1, we conclude that ¢ € G;. In
a similar way we reach the same conclusion by assuming that o is the replicated
node. O
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The following theorem relates the embeddings of the so-queries obtained from

graph segments to the embeddings of the query @ on the graph G.

Theorem 6.1.1. Let Dg = (Q1,...,Qy), withn > 1, be a query decomposition
of a query graph Q, such that each Q;, with 1 < i < n, is an so-query. Let
also Dg = (Gh,...,Gpm), with m > 1, be an s-decomposition of a data graph G.
Then e is a total embedding of Q in G if and only if e is the join of e1, ..., ey,
where eq, ..., e, are mutually compatible embeddings such that for each i, with

1<i<n, e is a total embedding of Q; in some segment G, where 1 < j < m.

Proof. For the one direction, assume that e is a (total) embedding of @ in
G. For every i, with 1 < ¢ < n, define e; to be the restriction of e in Q;
(that is, e; : N(Q;) — N(G), with e;(v) = e(v) for every node v € N(Q;)).
Obviously e; is a total mapping. Furthermore, for every non-variable element
v € N(Q;) it is e;(v) = e(v) = v and for every triple (v1,p,v2) € Q; it is
(e;(v1),p,ei(v2)) = (e(v1),p,e(v2)) € G, which implies that e; is actually an
embedding of @; in G.

As Q; is an so-query, let C(Q;) be the central node of @; and e(C(Q;)) € N(G)
the image of C(Q;) in G. From Definition [6.1.1] we conclude that e(C(Q;)) € Ny,
for some N; with 1 < j < m and that e; is an embedding of Q; in Gj.

We next prove that the embeddings e;, with 1 < ¢ < n are mutually com-
patible and their join is e. By construction, for every i,j with i # j, if
v € N(Q;) N N(Q;) then it is e;(v) = e;(v) = e(v), which implies that e;
and e; are compatible. Therefore, the join €’ of e1,...,e, exists. It remains
to show that ¢’ = e. Consider an arbitrary v € N(Q). Then v appears in
some triple t € (). Since Dg is a decomposition of @), there exists some i such
that ¢t € Q;. Thus, v € N(Q;), which implies that e;(v) is defined. From the
definition of join, it follows that e’(v) = e;(v), which implies e’(v) = e(v).

For the other direction, assume that for each i, with 1 < ¢ < m, there is
an embedding e; for the subquery @); in some graph segment G;. Assume also
that ey, ..., e, are mutually compatible embeddings and let e be their join. We
will prove that e is an embedding of @@ in G. It is easy to see that for every
v € N(Q) there exists some ¢ such that e;(v) is defined, which implies that e(v)
is also defined. Thus, e is a total mapping.

We next show that e is an embeding of @ in G. Consider any non-variable
element v € N(G). Since e is total, e(v) is defined. From the definition of join,
there must be some ¢ such that e(v) = e;(v), which implies e(v) = v (since e; is

an embedding).
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Finally, let (v1,p,v2) be a triple in Q. Since Dg is a decomposition of @,
(v1, p, v2) belongs to some @;. Since e; is a total embedding of @; in an s-segment
of G, it is also a total embedding of @; in G. Thus, (e;(v1),p,e;(v2)) € G, which
implies (e(v1),p,e(v2)) € G. O

The above theorem suggests the following strategy for the evaluation of a
query @ on a data graph G, called QFE-with-Redundancy. QFE-with-Redundancy
strategy assumes a star-oriented decomposition of the data graph G. To obtain
such a decomposition we assume an arbitrary partition Np = (Ny,..., Ny,
with m > 1 of the nodes in N(G) — L. Then we decompose the data graph G into
a tuple of graph segments Dg = (G1,...,Gy), such that D¢ is a star-oriented
decomposition of G (as defined in Definition .

The QE-with-Redundancy strategy consists of the following steps:

Step 1: Decompose the query @) into a tuple of queries Dg = (Q1, ..., Qn),
with n > 1, such that each query in Dg is a subject-object star
query.

Step 2: Compute all possible embeddings of each subquery in Dg on
every segment in Dg.

Step 3: Compute the embeddings of @ on G by joining compatible
embeddings of the subqueries Q1,...,Q,.

It is important to note that the algorithm is independent of the choice of
the specific partition Np of the nodes in N(G) — L, used for the data graph
decomposition, as well as of the specific query decompotition strategy (employed
in Step 1).

6.2 A Map-Reduce Implementation of the QE-
with-Redundancy Algorithm

In this Section, we present an implementation of the QE-with-Redundancy
query evaluation algorithm, presented in Section based on the MapReduce
programming framework. Recall that, for the implementation of the algorithm we
assume a star-oriented decomposition (s-decomposition) of the data graph G and
a (possibly redundant) decomposition of the query @) posed by the user into a set
of subject-object star subqueries {Q1,...,Qn}, with n > 1. The implementation

of the algorithm consists of a preprocessing phase followed by one and a half
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Map-Reduce phase. The first phase of our algorithm takes advantage of the star
form of the subqueries and focuses on evaluating the star subqueries over the
input segments. The results of the sub-queries are emitted to the second phase,

which combines them properly in order to produce the answers of the initial

query.

6.2.1 The preprocessing phase

In the preprocessing phase the users’ query @ is decomposed into a set of so-
queries {Q1,...,Qn}, with n > 1, and the auxiliary structures presented in
Subsection [I.2.T] are constructed. Preprocessing phase emits the above to the

mappers of Phase 1 with key the pair (subqueryI D, SegmentID).

Example 6.2.1. To present the QFE-with-redundancy algorithm, we will use
again the query Q and its decomposition into three so-queries presented in Fig.
[5-1l The query prototypes, the MBN list and the tuple of common border nodes
of appearing in these subqueries are the same as in Example[5.2.1]

Concerning the data graph decomposition, to present the algorithm we will
use the data graph segments (s-segments) obtained by decomposing the data graph
G as presented in Fig. [6.1]

6.2.2 Phase 1 of the algorithm

The first phase of the algorithm computes the embeddings of the so-queries
Q1,...,Qy in G locally in each star graph segment G; of G.

Each mapper in phase 1 gets as input an s-graph segment G, an so-query @,
the M BN list, and the tuple CB(Q) and computes the embeddings of @; into
G ;. The embeddings computed are directly emitted to the mappers of Phase 2.
Similarly, the values of the nodes in MBN are emitted to the mappers of Phase
2. Notice that the instances of the nodes in CB(Q) take part in the keys of the
(key, value) pairs emitted to the mappers of Phase 2.

mapperl((Q;, G;), (GjData, SubqueryInfo, MBN, CB(Q)))
//(Qi,G;): Qi/Gj is the ID of a subquery/data segment

// GjData: the content of the data graph segment G;

// Subquerylnfo: prototypes of the subqueries of Q

// MBN: the list of missing border nodes

// CB(Q) is the tuple of common border nodes of Q

begin
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compute E = {e | e is an embedding of Q; in GjData}
for each embedding e = (bnv, nbnv) in E do
begin
if (MBN! = []) then
emitToMapper2([(Qi,e(CB(Q))), (bnv, nbnv)]);
for k = 1 to |bnv| do
if (bnv[k] = "*’) then
foreach (ny,Q;) in MBN do

emitToMapper2([(Q;,e(CB(Q))), (nk, bnv[k])]);
else
emitToReducer2([bnv, (Q:, nbnv)]);
end
end

end.

Example 6.2.2. (Continued from Example m This example shows the
results obtained by the application of mapperl on the pairs (Q;, G;), where Q;
is an so-query and G; is a graph segment.
The following three embeddings of Q1 into Gy are computed by the algorithm:
el = (<Personl, * Journall>, <Articlel, *, Titlel, *>)
e2 = (<Person2, * Journall>, <Articlel, *, Titlel, *>)
e3 = (<Person4, * Journall>, <Articlel, *, Titlel, *>)
For ey the algorithm emits the following (key,value) pair to mapper2:
key = (Q, Personl), value = (<Personl, * Journall>, <Articlel, *, Titlel, *>)
Besides, based on the MBN list and the CB(Q), which, in the preprocessing
phase have been computed to MBN = [(na, Q1), (n3,Q3)] and CB(Q) = {n1},
mapperl also emits to mapper2 the following key value pair:
key = (Q3, Personl), value = (n3, Journall)
Similarly, mapperl also emits the following (key, value) pairs based on the
embeddings es and es:
key = (Q1, Person2), value = (<Person2, * Journall>, <Articlel, *, Titlel, *>)
key = (Q3, Person2), value = (n3, Journall)
key = (Q1, Person4), value = (<Person4, * Journall>, <Articlel, *, Titlel, *>)
key = (Q3, Person4), value = (n3, Journall)
Concerning query Q1 there are no embeddings in segments Gy and Gs. Thus
nothing is emitted by the corresponding mappers.
The following embedding of Q2 into G1 is computed (among others) by the
algorithm:
e'l = (<Persond, Article3, Journal2>, <*, * * “2008">)
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For € the algorithm emits the following(key,value) pair to mapper2:
key = (Q2, Person4), value = (<Person4, Article3, Journal2>, <* * * “2008">)
Besides, based on the MBN list and the CB(Q), mapperl also emits to mapper2
the following key value pair:
key = (Q1, Person4), value = (n2, Article3)
key = (Q3, Person4), value = (n3, Journal2)
Query Q2 has no embeddings in segment Ga; hence nothing is emitted in this
case.
The following two embedding of Q2 into G3 are computed by the algorithm:
e'2 = (<Person2, Article2, Journall>, <*, * * “2008">)
e'3 = (<Person3, Article2, Journall>, <*, * * “2008">)
As above, based on these embeddings as well as on the content of the MBL list
and the CB(Q), mapperl also emits to mapper2 the following key value pairs:
key = (Q2, Person2), value = (<Person2, Article2, Journall>, <*, * * “2008">)
key = (Q1, Person2), value = (n2, Article2)
key = (Q3, Person2), value = (n3, Journall)
key = (Q2, Person3), value = (<Person3, Article2, Journall>, <* * * *“2008">)
key = (Q1, Person3), value = (n2, Article2)
key = (Q3, Person3), value = (n3, Journall)
The following embedding of Q3 into G is computed by the algorithm:
e"1 = (<Person4, Articlel, *>, <* Personl, * *>)
For €' the algorithm emits the following(key,value) pair to mapper2:
key = (Q3, Person4), value = (<Person4, Articlel, *>, <*, Personl, * *>)
Besides, based on the MBN list and the CB(Q), mapperl also emits to mapper2
the following key value pair:
key = (Q1, Person4), value = (n2, Articlel)
The following embeddings of Q3 into Go are computed by the algorithm:

"

e"'1 = (<Person4, Articlel, *>, <*, Personl, *, *>)
€"'2 = (<Person2, Article2, *>, <*, Person3, * *>)
As above, based on these embeddings as as well as on the content of the MBL list
and the CB(Q), mapperl also emits to mapper2 the following key value pairs:
key = (Q3, Person4), value = (<Person4, Articlel, *>, <*, Personl, *, *>)
key = (Q1, Person4), value = (n2, Articlel)
key = (Q3, Person2), value = (<Person2, Article2, *>, <*, Person3, *, *>)
key = (Q1, Person2), value = (n2, Article2)
Query Q3 has no embeddings in segment Gs; hence nothing is emitted by this

mapper.
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6.2.3 Phase 2 of the algorithm

Phase 2 of the algorithm is similar to the Phase 2 of the eval-STARS algorithm.

Each mapper in Phase 2 gets as input all the embeddings of a specific
subquery @; which have the same values for the nodes in CB(Q); moreover for
each border node that does not occur in @Q; it gets as input the values assigned
to this node by the embeddings of the other subqueries. It fills in their missing
border node values using the corresponding values in the input, and emits the
resulted embeddings to the reducers of Phase 2. The key is the tuple of the
border node values, which implies that two embeddings are emitted to the same

reducer if and only if they are compatible.

mapper2((Q;,e(CB(Q))), values)
// Qi: the ID of a subquery
// values: a set E of the parts (bnv, nbnv) of the embeddings
// of Qi,e(CB(Q)) and a set V of pairs (nx,v),
// where v is a candidate value for bnv|k]
begin
foreach embedding e = (bnv,nbnv) in E do
foreach ground instance bnv’ of bnv using the values in V do
emit([bnv’, (Q;, nbnv)]);

end.

Example 6.2.3. (Continued from Example . This example shows the
application of mapper2.
The mapper applied for the key (Q1, Personl) gets the value:

(<Personl, * Journall>, <Articlel, * Titlel, *>)
but it does not get any value for the missing border nodes. As V = () no ground
instances of (<Personl, * Journall>) can be found. Therefore this mapper does
not emit (key, value) pairs to reducer2.
The mapper applied for the key (Q1, Person2) gets the value:

(<Person2, * Journall>, <Articlel, *, Titlel, *>)

(n2, Article2)
This mapper constructs the instance <Person2, Article2, Journall> of bnv and emits
the following (key, value) pair to reducer2:

key = <Person2, Article2, Journall>, value = (Q1, <Articlel, *, Titlel, *>)
The mapper applied for the key (Q1, Person3) gets the values:

(n2, Article2)
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As E = () this mapper emits nothing to reducer2.
The mapper applied for the key (Q1, Persond) gets (after eliminating duplicates)
the values:
(< Person4, *, Journall>, <Articlel, *, Titlel, *>)
(n2, Article3)
(n2, Articlel)
This mapper emits the following (key, value) pairs to reducer2:
key = <Person4, Article3, Journall>, value = (Q1, <Articlel, *, Titlel, *>)
key = <Person4, Articlel, Journall>, value = (Q1, <Articlel, *, Titlel, *>)
The mapper applied for the key (Q2, Person2) gets the value:
(<Person2, Article2, Journall>, <* * * “2008">)
This mapper emits the following (key, value) pair to reducer2:
key = <Person2, Article2, Journall>, value = (Q2, <*, * * "2008">)
The mapper applied for the key (Q2, Person3) gets the value:
(<Person3, Article2, Journall>, <* * * “2008">)
This mapper emits the following (key, value) pair to reducer2:
key = <Person3, Article2, Journall>, value = (Q2, <*, * * "2008">)
The mapper applied for the key (Q2, Persond) gets the values:
(Q2, Person4)
(< Person4, Article3, Journal2>, <*, * * “2008">)
This mapper emits the following (key, value) pair to reducer2:
key = <Person4, Article3, Journal2>, value = (Q2, <*, * * "2008">)
The mapper applied for the key (Qs, Personl) gets the value:
(n3, Journall)
As E = () this mapper emits nothing to reducer2.
The mapper applied for the key (Qs, Person2) gets the value:
(<Person2, Article2, *>, <*, Person3, * *>)
(n3, Journall)
This mapper emits the following (key, value) pair to reducer2:
key = <Person2, Article2, Journall>, value = (Q3, <*, Person3, *, *>)
The mapper applied for the key (Qs, Person3) gets the value:
(n3, Journall)
As E = () this mapper emits nothing to reducer2.

The mapper applied for the key (Qs, Persond) gets the values:
(<Person4, Articlel, *>, <*, Personl, * *>)
(n3, Journall)
(n3, Journal2)
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This mapper emits the following (key, value) pairs to reducer2:
key = <Person4, Articlel, Journall>, value = (Q3, <*, Personl, * *>)

key = <Person4, Articlel, Journal2>, value = (Q3, <*, Personl, * *>)

Concerning the Reducer of Phase 2, each reducer gets as input embeddings
for each subquery that are compatible as the key for the reducer is a tuple
of values for all border nodes of the query . The embeddings (one for each

subquery Q1,...,Q,) are joined to construct the final answers of Q:

reducer2(key, values)
// key: a tuple of values for the border nodes of Q
// values: pairs of the form (Q;, partial embedding for non-border nodes)
begin
foreach join obtained by using one embedding for each subquery do
Emit the result produced by this join;

end.

Example 6.2.4. (Continued from Ezample m The reducer with key:
< Person2, Article2, Journall > receives the list:

[(Q1, <Articlel, * Titlel, *>), (Q2, <*, * * "2008">), (Q3, <*, Person3, * *>)]
As this lists contains an embedding for each subquery, we join them and obtain the
following embedding of the query Q:

(<Person2, Article2, Journall>, <Articlel, Person3, Titlel, “2008">)
This embedding corresponds to the answer:

(?P1, ?A, ?J, ?P2, ?T) = (Person2, Article2, Journall, Person3, Titlel )
Note that, the remaining reducers do not return any answer (they don’t receive values

for at least one subquery).

6.3 Query Decomposition Algorithms

In this Section, we present and analyze algorithms for decomposing queries
into a set of so-subqueries. In Section we assumed that the queries are
decomposed into a set of subqueries, but we have not typically discussed any
algorithm for finding such a decomposition, so far. Although the algorithms
presented in Chapters [4] [f] and [ can be used to evaluate a query over a
single machine, they are designed to be efficiently applied on a distributed
environment, as we will see in the next Sections. In this context, we focus on
decomposition algorithms that can boost parallelization. Furthermore, although
the QEJPE algorithm (Chapter [4)) is quite generic and can support every query

67



decomposition, the algorithms presented in this Section aim to take advantage
of the special, so-queries decomposition, which can be used in the evaluation
algorithms eval-STARS (Chapter [f)) and QE-with-Redundancy (Chapter [6]).
Intuitively, the decomposition approach followed can affect the efficiency
of the overall query evaluation process, since an appropriate algorithm can
significantly reduce the amount of the data transferred through the network
(i.e., the amount of intermediate results). For example, in the extreme scenario
that we decompose the query in Figure so that each edge defines a different
subquery, it is easy to see that all the 6 edges with predicate “hasAuthor” are
mapped by the edge-subquery {(?A, hasAuthor, 7W)}; hence, 6 embeddings are
resulted by Step 2 of the QE-with-Redundancy algorithm and passed to Step 3.
If, however, we decompose the query ) in such a way that at least one constant
(i.e., non-variable node) is included in each subquery, the number of embeddings
found in Step 2 and used in Step 3 is significantly reduced; e.g., consider the
query {(?A, hasAuthor, TW), (?A, year,2008)}, or @ itself. Practically, the more
the number of constants each query has, the less the embeddings that are found,
since the constants filter out useless embeddings (i.e., partial embeddings that
surely cannot be used in Step 3 to construct a total embedding). The Steps 3
and 4 of the eval-STARS algorithm operate similarly. The following proposition

proves this statement.

Proposition 6.3.1. Let Q1 and Q2 be two generalized star queries, such that
Q2 C Q1 and each triple in the set (Q1 — Q2) is either of the form (C,p,c) or
of the form (¢,p,C), where C = C(Q1) = C(Q2), p is a predicate, and ¢ is not
a variable. Then, for every data graph G the set of answers of Q1 over G is a
subset of the set of answers of Q2 over G, and n{ < n§, where n{ is the number
of embeddings of Q; over G, with i =1, 2.

The proof of the previous proposition is straightforwardly given by expressing
both queries as conjunctive queries and checking containment of the correspond-
ing conjunctive queries [19] 27].

To maximize the number of constants in each subquery, one could come up
with the following simple decomposition algorithm (called naive algorithm). Let
Q@ be a query.

Step 1: For each node n in N'(Q), we construct the star query @,, such that
@y, includes all the edges in @ of either the form (n,p,m) or the form
(m,p,n), where m € N'(Q). Let Sg be the set including all the subqueries
constructed by this process.
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Step 2: We, then, remove from Sg the subqueries that are not so-queries.

It is easy to see that the remaining subqueries in Sg form a decomposition D¢ of
@ that can be used in both QE-with-Redundancy and eval-STARS algorithms.

Proposition 6.3.2. Considering a query @, the naive algorithm results a

decomposition Dg of Q such that each query in Dg is an so-query.

The proof of the Proposition [6.3.2]is straightforward since each edge of Q will
be at least in the subquery centered by its subject. Furthermore, it is easy to
see that the naive algorithm results a query decomposition that maximizes the
number of constants in each star subquery, since each subquery is constructed
by a query node along with all of its adjacent edges.

This algorithm, however, results a quite large number of subqueries as at the
worst-case scenario one subquery for each query edge is obtained (the subject of
each query edge, may introduce a new subquery), and does not limit the number
of variables in each subquery, which might impact the overall performance of
the query evaluation, as we will see in the next Sections.

In the following Sections, we study two additional parameters, the number of
variables into each subquery and the number of subqueries in the decomposition,
in order to provide an effective decomposition approach. In particular, in
Subsection [6.3.1) we present an algorithm that decomposes a query in a way
that the number of variables do not exceed a given threshold. Subsection [6.3.2
discusses multiple algorithms that aim to reduce the number of subqueries into

the decomposition.

6.3.1 Subqueries with a limited number of variables

In this Section, we present a decomposition algorithm that aims to keep the
number of the variables in each subquery as low as possible. As Proposition [6.3.1
shows, by decomposing into so-subqueries with large number of constants we
can achieve significant improvement in the overall performance of both QE-with-
Redundancy and eval-STARS algorithms. However, we might not have the same
result if we choose star subqueries with large number of variables. To see which
is the impact of the number of variables into the overall query evaluation process
we start our analysis with an example.

Consider the simple query @ = {(¢,p1,?7X), (¢,p2,7Y), (?X,p3,?7Y)} and
the data graph G = {(¢,p1,c11), (¢,p1,c12), (¢,p1,c13), (¢, D2, c21), (¢, D2, C22),
(¢, p2, ca3)}, where p1, pa2, ps are two predicates and ¢, ¢;; are either URIs or

69



literals. Suppose now a decomposition D = {Q1, @2} of @, such that @, =
{(e,p1,7X), (¢,p2,7Y)} and Q2 = {(?X,ps,?Y)}. Notice that although the
answers of both @ and Q5 are empty, there are 9 total embeddings from @; to
G, giving 9 answers. Looking at the algorithms eval-STARS (Steps 4 and 5) and
QE-with-Redundancy (Steps 3 and 4), it is worth further decomposing ()1 into
two subqueries @11, Q12, one for each edge, instead of keeping ()1 into D. In
particular, if we replace @1 in D with @11 and @12, the number of embeddings
found in Step 4 of eval-STARS and passed to Step 5 (resp., found in Step 3 of
QE-with-Redundancy and passed to Step 4) is 6, instead of 9 in the case we use
Q1.

In the previous example, we saw that the presence of multiple variables in
a subquery might increase the number of embeddings of this subquery in both
QE-with-Redundancy and eval-STARS algorithms. Especially, if we apply these
algorithms into a distributed environment, as we will see in the next Sections,
we might have significant impact on the performance of each algorithm, since
the communication cost might be increased tremendously from the large number
of embeddings transferred through the network.

In this context, we present the min-res decomposition algorithm, which finds
a decomposition by keeping the number of variables into each subquery at most
2. One could wonder how we come up with the threshold number 2. Typically,
we want to keep the number of variables in each subquery as low as possible. If
we set such a threshold to one variable, we miss edges consisting of two variables,
i.e., we cannot find a valid decomposition of any given query.

Min-res algorithm decomposes a query @) into a set of so-subqueries, such that
each subquery has at most two variables. It also allows replication of triples that
contains at most one variable, and maximizes the number of “constraints” (triples
that do not increase the number of variables in the query) in each subquery
containing variables. As for the subqueries that do not contain any variable, the
algorithm constructs maximal subqueries without redundant constraints. The
min-res decomposition algorithm, in detail, is given as follows.

min-res(Q)

// Q a query.

// The min-res function returns a decomposition R of Q consisting of so-subqueries of Q

begin
Tsuv—ob; = {t € Q |t = (s,p,0) and s,0 € V(Q)}; // subject and object are variables
Tsur ={t € Q| t=(s,p,0) and s € V(Q) and o € V(Q)}; // only subject is variable
Tor; ={t€Q|t=(s,p,0) and o € V(Q) and s € V(Q)}; // only object is variable
T.={t€Q|t=(s,p,0) and s,0 € V(Q)}; // subject and object are nonvariables
R = 0;
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foreach t = (s,p, 0) € Tsub—ob; do // select a maximal so-query centered at subject of t
begin // by adding triples that do not add variables
Qs ={tJU{t' |t € Towp and t' = (5,0",0)} U {t" | t"" € Topj and t'' = (c’,p",5)};
// Qs is an so-query with central node s
S={t'|t € Tsup and t' = (0,9, 0)};
If S = () then Q, = 0 else
o={t}USU{t" |t € Top; andt’ = (c’,p",0)};
// Qo is an so-query with central node o
If |Qs| > |Qo| then Q' = Qs else Q' = Q,;
R=RU{Q'};
end
Tsup = Tsup — {t | t € Q" and Q" € R}; // Remove from T,y the triples used so far
Tov; =Tov; —{t |t € Q' and Q' € R}; // Remove from Top; the triples used so far
while Ty, # 0 do //For each member of Ts,;, construct an so-query
begin
extract a triple t = (s, p, 0) from Tsyp;
Q ={t}u{t' |t € Toup and t' = (s,p",c)} U{t" | t"" € Top; and t'" = (', p",s)};
If |Q'| = 1 then // No other triple has s as object or subject
begin
S={t'|t' €T, andt' = (0,p',¢)};
If S # 0 then
Q ={tyuSuU{t’ |t €T, andt" = (c,p",0)};
end
Tsub = Tsub — {t | t € Q"}; // Remove from Ty, the triples used in Q'
Tovj = Tov; — {t |t € Q"}; // Remove from Toy; the triples used in Q'
R=RU{Q'};
end
foreach t = (s,p,0) € Top; do //For each member of T,y construct an so-query

begin
Q ={t}U{¥ |V €T.andt' = (s,p, )} U{t" |V € To and " = (¢, p",8)};
R=RU{Q'};

end

T.=T.—{t|teQ and Q" € R};
while T. # 0 do // select maximal so-query centered at subject or object
begin
extract a triple t = (s, p, 0) from T;
Qs ={t}u{t' |t/ €T, andt/ = (s,p',c)}U{t" |t € T. and t'" = (', p",s)};
S={t'|t €T, andt' = (0,p',¢)};
If S = () then Q, = 0 else
Qo ={t}uSu{t’'|t'eT.andt" =(c,p"”, 0)};
If|Qs| > |Qo| then Q/ = Qs else Q’ = Qo;

R=RU{Q}

T.=T.—{t|teQ’};// Remove from T. the triples used in Q’
end
return R;

end.

Intuitively, the algorithm performs as follows. Let @@ be a query. Initially, for
each edge t of two variables in @), it constructs an so-query ()5 having the subject
s of t as central node. All the adjacent edges of s in @ such that s is their only

variable are added into the subquery. In each construction step, the possibility
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to get an so-query @,, whose central node is the object of ¢, is also considered,
and the query with maximum number of edges between @, and Q, is finally
selected. It is easy to see that the subqueries constructed in this step include
2 variables. Next, the algorithm constructs the subqueries that have a single
variable as central code. These subqueries have at least one edge whose subject
is the central variable. Then, the remaining query triples give so-subqueries
whose central node is not a variable. Each of the subqueries constructed in this
step have at most a single variable which is not the central node. Notice here
that the min-res algorithm constructs subqueries with two variables only if those
variables are used by an edge in ). Note also that in each of the aforementioned
steps, we build a so-subquery by initially selecting an edge from a set (e.g., the
set of edges having two variables). The order the edges are selected might give
different decompositions. Here, we consider an arbitrary ordering of the edges
included in each set. The following proposition shows that the min-res algorithm

results a decomposition of a query into a set of so-queries.

Proposition 6.3.3. Considering a query Q, the min-res algorithm results a

decomposition Dg of Q such that each query in Dg is an so-query.

Proof. Consider the sets Tsup—obj, Lsub, Tovj, Tc of edges as defined in the min-res
algorithm. To prove that R is a decomposition of @, we need to show that (1)
each query Q; in R is a subquery of @, and (2) UQieR Qi = Q. The first condition
is straightforward since each edge of ); is an edge in Tsyp—obj U Tsup U Top; U Tt
which equals ). To show the second condition, we need to prove that each edge
t of @ is included in at least one subquery in R. Since the algorithm uses all the
edges in Tsup—ob; U Tsup U Top; U Te to construct the subqueries, we have that
t is included in at least one subquery in R. Besides, it is easy to see that, by

construction, all queries in Dy are so-queries. O

Example 6.3.1. Consider the query Q depicted in Figure [5.1, Figure [6.2
illustrates a decomposition of Q resulted by the min-res algorithm. In particular,
we initially select the edge t2 and construct Q1. Similarly, the queries Q2, Q3
and Q4 are given by selecting the edges t3, t4 and t5, respectively, having two
variables, as well. Qs and Qg are then constructed by selecting the corresponding
edges of Q). Note here that the edge t6 is replicated to multiple subqueries, as min-
res algorithm requires, since it can reduce the number of intermediate answers
through the constant “2008” .
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Figure 6.2: Min-res Query decomposition.

6.3.2 Reducing the number of subqueries

Unlike the min-res algorithm which minimizes the number of variables in each
subquery, in this Section, we investigate algorithms that keep the number of
so-subqueries as low as possible, as well as select so-subqueries with high degree.
As we will see in the following, there are settings where the number of queries in
the decomposition affects the overall performance of the query evaluation, since
large number of subqueries might increase the amount of intermediate results.

The following example presents such a case.

Example 6.3.2. Consider the query Q and the data graph G depicted in Fig-
ure[5.1] and Figure [3.3, respectively. It is easy to see that there is a single total
embedding from Q to G. Suppose two decompositions DQ and Dé tllustrated
in Figure and Figure respectively. As we saw in Example Db
is resulted by min-res algorithm. Counting now the embeddings found for the
subqueries of each decomposition over G, we have that there are 12 embeddings,
in total, from queries in Db to G, while Dé giwes 10 embeddings. Hence, we can
see that although each subquery in Db has minimum number of variables, the

total number of embeddings is high, due to the large number of subqueries.

To construct a decomposition with minimum number of subqueries, we follow

an approach based on the naive algorithm. In particular, considering a query @,
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Figure 6.3: Min-subquery decomposition.

a simple algorithm, called min-subquery decomposition algorithm, computing a

decomposition with minimum number of so-subqueries is given as follows.
Step 1: We initially apply the naive algorithm and get a decomposition Dy .

Step 2: Then, we construct the set S including all the subsets D of Dy such
that the queries in D cover all the edges of Q; i.e., Ug,cp(Qi) = Q.

Step 3: Finally, we find the sets in S with the minimum number of subqueries

and output one of them.

It is easy to see that the min-subquery algorithm returns a decomposition
with minimum number of so-subqueries. Note that there might be multiple

decompositions that minimize the number of so-subqueries.

Proposition 6.3.4. Considering a query Q, the min-subquery algorithm results
a decomposition Dg of Q) such that each query in Dg is an so-query and Dg
has the minimum number of so-subqueries, among all the decompositions of Q

including so-subqueries.

The proof of the previous proposition follows by the Proposition [6.3.2] The
last step of the algorithm also ensures that the output has the minimum number

of so-subqueries.
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Although the min-subquery algorithm returns a minimal decomposition, it
applies an exhaustive search over the search space and the resulted decomposition
has high redundancy (i.e., there are triples that are included in two subqueries).
Especially, if the replicated edges include variables, as we saw in the previous
Section, the amount of the intermediate results could affect the overall evaluation
time. To overcome these issues, we focus on an efficient approach that constructs
a decomposition based on the nodes’ degree. In particular, we focus on selecting
first the subqueries containing as many triples as possible. In addition, each
query triple is included in a unique so-subquery (i.e. redundancy is not allowed
in query decomposition). The decomposition algorithm, called maz-degree, that
follows this approach is given below.

max-degree(Q)
// Q a query.
// max-degree function returns a decomposition R of Q consisting of so-subqueries
begin
R = 0;
N = N(Q) — L; // The non-literal nodes.
Sq = FindInitMaxSoQueries(N)
Tcovered = 0;
while Sg # 0 do

begin
Séld, R, Tcoverea = ReconstructSq(Sq, R, Tcovered);
Sq =0;
foreach (m, S) € Sgd do
begin
S§' =8 = Toovered;
if there is a triple with subject m in S’ then Sg = Sq U {(m, S")};
end
end
return R;

end.

FindInitMaxSoQueries(N)
// N is a set of the non-literal nodes of a query
begin
SQ = (Z);
foreach n € N do // Sq contains all pairs (n, S(n)) where n € N and
begin // S(n) is the maximal so-query with n as central node.
if there is a triple (n,p,0) € Q then
begin
S(n)={t|teQand (t = (n,p,0)ort=(s,p',n))};
Sq =8q U{(n,S8(n))};
end
end
return Sq;
end.

ReconstructSq (Sq, R, Tcovered)
//Find next so-subquery and update both the result R and the set Tcoyerea Of covered edges.
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begin
//select a maximal so-query in S¢g
select a (n, Q") € Sq such that |Q’| is maximal among all elements in Sq.
R=RuU{Q’}; // ... add Q' to the result and ...
Toovered = TCoverea UQ'; // ... add its triples to Tcovered-
5% =8q —{(n,Q")};
return S"Ld R, Tcovered;
end.

Intuitively, the max-degree algorithm performs similarly to the min-subquery
algorithm. In particular, in each step, it finds an so-query with max degree
and removes its edges from the remaining so-stars. The algorithm stops once
all the query edges are covered. Note that the max-degree algorithm does not
aim to minimize the number of subqueries in the decomposition. An example
describing such a case is illustrated in Figure Notice that Dy and D4y are two
decompositions of @), where D is the result of the max-degree algorithm and D,
is the result of min-subquery algorithm. On the other hand, there are queries
where the results of both algorithms match. Such an example is illustrated in
Figure

(Q) (B1)
Person3
hasSupervlsor
hasAuthor

hassuperwsor hasSupervisor
hasAuthor hasAuthor
Persunl
Person3

hasAuthor

hasAuthor hasAuthor (Qll)
D
hasSupervisor hasSupervisor hasSupervisor

©2 &
(Q12) (Q13) (Q1a)

hasSupervisor hasSupervisor

hasAuthor hasAuthor hasAuthor

(Q21) (Q22) (Q29)

Figure 6.4: Min-subquery vs. Max-degree decomposition
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As we mentioned above, the max-degree decomposition algorithm does not
apply any edge replication (no redundant edges are allowed). Lack of replication
might improve the performance of finding the embeddings of a subquery, since
less edges are checked in order to find an embedding. However, as we saw in
Proposition replicating edges that add more constraints in the subquery
might decrease the total number of embeddings of subqueries; hence, it may also
decrease the communication cost in a distributed execution. Taking this into
account, we present a modification of the max-degree algorithm, called mazx-
degree-with-redundancy, which replicates edges with constants. The max-degree-
with-redundancy algorithm is given by replacing the function ReconstructSg in
max-degree algorithm with the function ReconstructSgRedundancy, which is

defined as follows.

ReconstructSq Redundancy(Sq, R, Tcovered)
//Find next so-subquery and update both the result R and the set Tcoperea Of covered edges.
begin
//select a maximal so-query in S¢q
select a (n, Q") € Sq such that |Q’| is maximal among all elements in Sq.
//add triples that have already covered and do not add any new variable to the subquery found
Q" =Q U{t=(ni1,p,n2)lt € (Q—Q), and either n1 = n and n2 ¢ V(Q) or no = n and n1 ¢ V(Q)};
R=RuU{Q"}; // .. add Q" to the result and ...
Tcovered = TCovered U Q'; // ... add its triples to Tcovered-
54 =8 — {(n,Q")};
return Sald, R, Tcovered;
end.

Comparing the max-degree and max-degree-with-redundancy algorithms, we
can easily see that the function ReconstructSqgRedundancy used in the max-
degree-with-redundancy algorithm to construct each subquery and add it into
the resulting set R, constructs each subquery Q" from @’ (which is similar to
the query @’ constructed by ReconstructSg in the max-degree algorithm) and
all the query triples in @) that either start or end to the central node of ' and
do not include a variable in the other node; i.e., the triples having constants
in the non-central node are replicated and reused. In the contrary, the max-
degree algorithm (function ReconstructSg) does not replicate any edge during

construction of the result.

Proposition 6.3.5. Considering a query Q, the results of both the maz-degree
and mazx-degree-with-redundancy algorithms are decompositions of QQ that include

only so-queries.

Proof. By construction all subqueries produced in both algorithms are so-queries.

Besides, as all query triples are used the algorithms produce decompositions of

(s



Q. O

As we mentioned above the main difference between max-degree and max-
degree-with-redundancy algorithms is that in the latter, we replicate edges that
have constants in the adjacent nodes of the central node. As Proposition [6.3.6]
shows, the decomposition resulted by the max-degree-with-redundancy algorithm
might reduce the number of embeddings exchanged between the last two steps
of the evaluation algorithms eval-STARS and QE-with-Redundancy, comparing

to the corresponding decomposition resulted by the max-degree algorithm.

Proposition 6.3.6. Let QQ be a query and Dy; be a decomposition of @ resulted
by the max-degree. Then, there is a decomposition Dg of Q resulted by the

maz-degree-with-redundancy algorithm such that the following hold:

e there is an one-to-one mapping p from Dy to Dr such that u(Pr) = Py,
if Pyp C Pr, where Pr € Dg and Py € Dyy; and

e for each data graph G and every query P in Dg, the number of embeddings
of P over G is less than or equal to the number of embeddings of u(P) over

G.

Proof. Let @ be a query and Dj; be a decomposition of @) resulted by the max-
degree. We now need to prove that the max-degree-with-redundancy algorithm
can result a decomposition of () which satisfies the aforementioned properties.

Each subquery Q' in Dy is constructed by the function ReconstructSg, and
specifically, once it is constructed it is inserted into the resulting set R (which
eventually equals Dys). Let’s consider that instead of returning the subquery @’
into the result R, we return the subquery Q" = Q' U{t = (n1,p,n2)|t € (Q—Q’),
and either ny = n and ny ¢ V(Q) or ng = n and n; ¢ V(Q)}, where n is the
central node of Q’. Since R simply stores the resulting subqueries and is not
used in any other step of the algorithm, such a modification does not affect the
construction of the subqueries. It is easy to verify that the modified function is
given by the function ReconstructSqgRedundancy, and the modified algorithm
is the max-degree-with-redundancy. Let also Dg be the result of the modified
algorithm (i.e., the final set R returned by the algorithm); hence, Dg is the
result of the max-degree-with-redundancy.

According to the previous modification, for each query @’ in Dy, there is a
query Q" in Dg, such that Q" = Q" U {t = (n1,p,n2)|t € (Q — Q’), and either
n1 =n and ng ¢ V(Q) or ng =n and ny ¢ V(Q)}, where n is the central node
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of Q. Hence, there is an one-to-one mapping p from Dj; to Dg such that
Q" = u(Q') and Q' C Q”; which proves the first condition of the proposition.
Furthermore, Proposition [6.3.1] and the construction of Q" from @’ imply
that for each data graph G, the number of embeddings of Q" over G is less
than or equal to the number of embeddings of Q" over G; which means that the
second property is also satisfied. Hence, the decomposition Dg satisfies both
properties of the Proposition [6.3.6] O

As we saw previously, both max-degree and max-degree-with-redundancy algo-
rithms iterate over the maximal so-subqueries found by the FindInit MaxSoQueries
function, from the queries of max degree to the queries with min degree, and
remove triples covered in the previous iterations. In each iteration, if the query
resulted by removing the covered triples is not an so-query, then both the algo-
rithms ignore this query and continue to the next iteration. Let Qg be the set
of the remaining triples, in such cases. Note that QQr will be covered in the next
iterations, but the number of iterations might increase due to the triples that
do not form an so-query in some iterations. To reduce the number of iterations,
we can construct so-queries from the triples in Qg by adding to Qg a triple
that makes it so-query. Such a triple ¢ is found in the set of covered triples. In
addition, to avoid replicating triples that add variables to a query, we remove the
triple ¢ from the so-query that was constructed in the previous iterations. Such
an approach might reshape the so-queries constructed in the previous iterations.
A decomposition algorithm following this approach is given as follows, and called

mazx-degree-with-reshaping.

max-degree-with-reshaping(Q)
// Q a query.
// The function returns a decomposition R of Q consisting of so-subqueries of Q
begin
R = 0;
N = N(Q) — L; // The non-literal nodes.
Sq = FindInitMazSoQueries(N);
Tcovered = 0;
while Sq # 0 do
begin
select a (n, Q") € Sqg s.t. V(m, Q") € (Sg — {(n,Q")}) it holds NC(Q") > NC(Q"");
// NC(Q) function returns the number of Not Covered triples in Q
§'=Q —{t|t=(s,p,n) € Q" and t € Tcoverea and s € V(Q)};
//1.e. remove covered triples whose object is n that add variable in Q
T={t|t=(n,p,0) €Q" andt € Tcovereca and 0 € V(Q')};
If S’ — T is so-query then S = S’ — T else
begin
S =S8"—TuU{t'} where t' is a triple in T';
replace F' by F' — {t'} in R where F is the query in R containing t';

’
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// notice that F — {t'} is also an so-query
end

R =RU({S};// .. add S to the set of subqueries of Q ...

Tcovereda = Tcovereda U S; // ... add the triples of S to Tcovered-

58%=5q - {(n,Q"};

SQ = @,‘

foreach (m, S) € ngld do //Reconstruct S¢g by removing the queries whose triples are ...
begin //... completely covered by the so-queries already constructed ...

if S — Tcoverea 7# 0 then Sq =8SqU {(mv S)}a
end
end
return R;

end.

Proposition 6.3.7. Considering a query Q, the results of maz-degree-with-

reshaping algorithm are decompositions of Q that include only so-queries.

Proof. By construction all subqueries produced in the algorithm are so-queries.

Besides, as all query triples are used the algorithm produces decompositions of

Q. O

6.4 Discussion

QE-with-Redundancy algorithm has several advantages compared with QEJPE-
algorithm and eval-STARS algorithm. Notice that QE-with-Redundancy algo-
rithm is implemented using one and a half Map-Reduce phases while QEJPE-
algorithm and eval-STARS algorithm are implemented using two Map-Reduce
phases. Another advantage of QE-with-Redundancy algorithm is that, due to
the replication of the data triples in the decomposition of the data graph, and
the special form of subqueries in which the user query @) is decomposed, namely
subject-object star queries, all the answers to a subject-object star queries can
be obtained from a single data segment.

On the other hand, due to the replication of the data triples in the decompo-
sition of the data graph, multiple occurrences of the same embedding as well
as multiple instances of member of MBL list may be produced and emitted in
Phase 1 of the algorithm.
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Chapter 7

Query Evaluation Over
Linked Data Stored in a

Document Database

In this Chapter, we propose a method for partitioning the data graph into graph
segments so as every graph segment is stored as a different document in a NoSQL
document database. Using the proposed partitioning method, the answers of
every generalized star query can be computed in document level avoiding, thus,
a sequence of computationally expensive joins over large data sets. The proposed
method facilitates horizontal scaling in a balanced manner. Additionally we
propose an algorithm, called Doc-based Algorithm, for query evaluation over LD
stored in a document database. The Doc-based Algorithm is implemented in
Apache Spark and the data is stored in MongoDB.

7.1 Preliminaries

In this Section we extend the definitions of Chapter [3| about the query graph

and the embeddings to allow queries with variables in the place of predicates.

Definition 7.1.1. Let Uy, and U, be two disjoint infinite sets of URI references,
let L be an infinite set of (plain) literals and let V' and V,, be two disjoint infinite
sets of variables. An element (s,p,0) € (Uso UV) x (Up U V,) X (Uso ULUYV) is
called a query triple. A query graph (or simply a query) is a labeled, directed
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graph defined as a non-empty set of query triples. The output pattern O(Q)
of a query graph @ is the tuple < (X1,...,X,),(P1,...,Py) >, where n > 0
and m >0, and X1,..., X, €V, and P1,...,P, € V, and X4, ..., X;,, P,
.., Py appear in Q. A query graph Q' is a subquery of a query graph Q
if @ C Q. A query consisting of a sequence of query triples of the form
(no,p1,m1), (n1,p2,n2),. .., (Ng—1,DPk,nk), with k > 1, is said to be a chain

query of length k.

Notice that there might be variables of Q that do not appear in its output
pattern O(Q). Concerning the literals, in this paper we do not consider typed
literals. A query graph @ typically represents a BGP SPARQL query.

We also consider the following notation: The nodes N(G) (resp. N(Q))
of a data graph G (resp. a query Q) is the set of elements of U, U L (resp.
Uso U L UV) that occur in the triples of G (resp. @). The set of literals of G
(resp. Q) is denoted as L(G) (resp. L£(Q)). The set of edges of G (resp. Q)
is denoted £(G) (resp. £(Q)). The edge labels Le(G) (resp. Lg(Q)) of a data
graph G (resp. a query () is the set of elements of U, (resp. U, UV,) that occur
in the triples of G (resp. Q).

To compute the answers of a query @ for a given data graph G, we consider
finding an appropriate mapping from the nodes and edges of @ to the nodes and
edges of G respectively. This is formalized by the concept of embedding defined

as follows.

Definition 7.1.2. An embedding of a query graph Q to a data graph G is
a total mapping e : N(Q) U Le(Q) — N(G) U Le(G) satisfying the following

conditions:

1. For each node v € N(Q), if v €V then e(v) € N(G) otherwise e(v) = v.

2. For each edge label p € L£(Q), if p € V, then e(p) € Le(G) otherwise
e(p) = p-
3. For each triple (s,p,0) € Q, the triple (e(s),e(p),e(0)) is in G.
We denote as e(Q) the set of triples: {t|t = (e(s),e(p),e(0)) and (s,p,0) € Q} C
G. The result of Q on G, denoted as Q(G), is the set {< (e(X1),...,e(Xp)),

(e(Pr1),...,e(Pn)) > | < (X1,...,Xn), (P1,..., Pn) > is the output pattern of
Q, and e an embedding from Q to G}. Each tuple in Q(G) is an answer of Q.

Additionally, in this Chapter we only use generalized star queries that the

central node ¢ is not a literal.
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Definition 7.1.3. A query Q is called a generalized star query if there exists
a node ¢ € N(Q) such that for every triple t € Q, c is either the subject or the
object of t and c is not a literal. In all cases, c is called the central node of @
and is denoted as C(Q).

Example 7.1.1. Five generalized star queries are depicted in Fig.[71] It is easy

?2A
hasTitle haSAuth -
4 publishedIn hasAuthor asALor publishedIn
publishedIn
@
Q2
(Q3)
?P2
hasAuthor
“2008”
(Q4) (200 ] (Q5)

Figure 7.1: Examples of generalized star queries.

to see that all these queries are subqueries of the query Q appearing in Fig. [3.1]
Only the queries Q1 and Q4 are star queries as defined in [33, [125] while the
query Q5 is also a chain query [33, [125] of length 2.

7.2 The Node-oriented Partitioning of a Data
Graph

A data graph may consist of a large amount of data triples; hence, storing
the data into a distributed system might be required for effective and efficient
data management. In this Section, we propose a method for partitioning the
data graph into graph segments in a way that every graph segment is stored
as a different document in a NoSQL/document database. Using the proposed
partitioning method, the answers of every generalised star query can be computed
in document level; avoiding, in such a way, a sequence of computationally
expensive joins over large data sets. The proposed method facilitates horizontal
scaling in a balanced manner.

The definition of the partition scheme, called node-oriented partition (or

simply node-partition), is given as follows.
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Definition 7.2.1. Let G be a data graph. A node-oriented partition (or node-
partition for short) of G is a set of subgraphs P(G) = {Gpn,, ..., Gn, } of G,
with n; € (N(G) — L(G)) and 1 < i < IN(G) — L(G)| = m, such that for each
n; € N(G) — L(Q)), with 1 <i < m, G,, = {t|t = (s,p,0) € G and either s =
n; or o =n;}. Subgraphs G, ,...,Gy,, are called (node-)graph segments. The

node n; node is called central node of G,,,.

The above definition implies that | J;*; G,,, = G, where the set-union operator
is considered (i.e., duplicate triples are eliminated). Besides, we can easily see
that each triple whose object is URI appears in two node-graph segments, while
each triple whose object is literal appears in a single node-graph segment. In
particular, consider the triple t = (s, p,0), and assume that o is a URI (notice
that s is always a URI). Then ¢ belongs to two graph segments; i.e., the graph
segments G4 and G,. Then, the occurrence of ¢ in G, is said to be a replicated
triple of G,.

The following proposition gives an upper bound of the size of data in a

node-oriented partition.

Proposition 7.2.1. Let G be a data graph, and P(G) = {Gp,, ..., Gp,, }, with
m > 1, be a node-partition of G. Considering S = >, |G,
S <2x|G|.

, we have that

Example 7.2.1. Nine different node-graph segments, one for each different URI
node of the data graph, are obtained by applying the node-partition method on
the data graph of Fig. (a). Two of these node-graph segments are depicted in
Fig. and are given below. Notice that, the triple (Articlel,hasAuthor,Person2)
appears in both of them:

Segment G1 (with central node Articlel):

{(Articlel, hasAuthor, Personl), (Articlel, hasAuthor, Person2), (Articlel, hasAuthor,
Person4), (Articlel, hasTitle, " Titlel”), (Articlel, year, "2005"), (Articlel, publishedin,
Journall)}.

Segment G2 (with central node Person2):

{(Articlel, hasAuthor, Person2), (Article2, hasAuthor, Person2), (Person2, hasSupervisor,
Person3)}.

Theorem 7.2.1. Let P(G) ={G1, ..., G}, with m > 1, be a node-partition
of a data graph G, and Q be a generalized star query. Then, a mapping e is an

embedding from @ to G if and only if there is a node graph segment G. in P(QG)
such that e(Q) € Ge. Consequently, Q(G) = Ug,ep(q) Q(Gi)-
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Figure 7.2: Two node-partition segments G1, G2 obtained from the graph G of

Fig. @

Proof. Consider a mapping e from @ to G. The image e(C(Q)) of the central
node C(Q) of @ in G is a node n. in G such that n. is a URIL Then n, is the
central node of node-graph segment G,,, in P(G). By the construction of the
graph node segments and the assumption that ) is a generalized star query, we
see that all the triples that are images of the triples of @) through e, are triples
in G,,,. The opposite direction is straightforwardly implied by the definitions of

node-partition and generalized star queries. O

Theorem shows that the evaluation of a (generalized) star query @ over
a segment G; of a node-partition P(G) of a data graph G is independent of the
evaluation of @ over the other segments in P(G). Based on this property, we
present, in Section an efficient approach for evaluating such queries over

large data graphs, using a distributed document database (MongoDB).

Example 7.2.2. (Continued from Example Applying the star query Q5
depicted in Fig. to the graph segment G2 we get the answer: <(?P1,7P2),()>
= < (Person2,Person3),()>.

7.3 Decomposing Query Graphs into (eneral-

ized Star Queries

In this Section, we propose a methodology for decomposing an arbitrary graph
query into generalized stars. In addition, our aim is to construct the embeddings
of a query @ in G, by properly combining embeddings of its (generalized star)

subqueries in G. Two embeddings can be combined only in the case that they
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match in the values of the nodes and edges that are common in the corresponding

subqueries. The above requirement is formalized by the following definition:

Definition 7.3.1. Let Q1, Q2 be two query graphs and let e, ea be embeddings
of Q1, Q2 respectively in a data graph G. We say that ey and es are compatible
if for every (node) variable v € N(Q1) NN (Q2) NV it is e1(v) = e2(v) and for
every (edge label) | € Le(Q1) N Le(Q2) NV, it is e1(l) = ezx(l) . The join of eq
and es is the embedding e of Q1 U Q2 in G defined as follows:

e1(v) ifveN(Qy)
e(v) =4¢ ei(v) ifveLe(@Qr)

es(v) otherwise

It is easy to see that the join operation is commutative and associative.
Therefore, we can refer to the embedding resulted by the join of n mutually
compatible embeddings without ambiguity.

The notions of query decomposition and border nodes are defined in the same
way as in Section [3.3

The following theorem relates the embeddings of a query @ to the embeddings

of its subqueries in a decomposition of Q).

Theorem 7.3.1. Let Dg = (Q1,...,Qn) be a query decomposition of a query
graph Q and let G be a data graph. Then e is an embedding of Q in G if and
only if there exist mutually compatible embeddings e1, ..., e, of Q1,...,Qn in G

such that the join of e1,..., e, is e.

Proof. If e is an embedding of @ in G then, by the definition of query decom-
position, for each query @; we get an embedding e; of @); in G by restricting e
to the mapping of nodes and edges of @; ; i.e., for each node n of @); we have
ei(n) = e(n). For the other direction, it is easy to see (based on Definition [7.3.1])
that if ey, ..., e,, are compatible embeddings of Q1,...,Q, in G, respectively,
then the join e of ey, ..., e,, is an embedding of @ in G. O

The above theorem implies that in order to compute the answers of a given
query over a data graph G, we can decompose the query into subqueries that
belong to a certain class C', compute the embeddings of the subqueries in G
(which may be an easier task due to the special form of the subqueries) and then
join these embedding to obtain the desired result. However, given a target class

of queries C', it may not be possible to decompose an arbitrary query @ into
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subqueries that belong to C' (for example this is the case if C' is the class of path
queries of length 3, which are of the form {(u,p,v), (v,p’, w), (w,p”, 2)}).
Nevertheless, if C' is the class of generalized star queries the following propo-

sition holds:

Proposition 7.3.1. Every query QQ can be decomposed into a set of generalized

star subqueries.

This proposition is trivially implied by the fact that every query that consists
of a single triple is a generalized star query (with either the subject or the object
being the central node).

The following theorem relates the embeddings of a query @ on a graph G to
the embeddings of the generalized star subqueries of a decomposition of ) over

the node-graph segments obtained by a node-oriented partition of G.

Theorem 7.3.2. Let Dg = {G1, ..., Gy}, with m > 1, be a node-partition of a
data graph G, and Dg = (Q1,...,Qn) be a query decomposition of a query graph
Q@ such that Q1,...,Q, are generalized star queries. Then e is an embedding
of Q in G if and only if there exist mutually compatible embeddings e1, ..., e,
of Q1,...,Qn in GY, ..., G, respectively, where G}, € Dg, with 1 <i <mn, such

that the join of e1,...,e, is e.

Proof. If e is an embedding of @) in G then for each query @); we get an embedding
e; of Q; in G by restricting e to the mapping of nodes and edges of @); in G. It is
easy to see by construction that eq,...,e, are mutually compatible. Moreover,
from Theorem [7.2.1] we conclude that for each @; there is a node graph segment
G’ in Dg such that e; is an embedding of @; in G’. For the other direction,

assume that there are mutually compatible embeddings ey, ..., e, of Q1,...,Qn
respective in GY, ..., GI, where G} € Dg. It is easy to see that the join e of
e1,...,en is an embedding of @ in G. O

Note here that there are multiple approaches to decompose an arbitrary query
(Q into generalized star queries; e.g., maximize triples in subqueries, or maximize
the number of constants per subquery, or increase the triple replication across
queries. In this Section, we propose a decomposition algorithm, appearing in
Fig. focusing on maximizing the number of triples in each (generalized star)
subquery, minimizing the replication of variables into multiple subqueries and
taking advantage of literals for filtering the intermediate results. Redundancy is
allowed between the subqueries obtained by applying the algorithm.
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More specifically, the algorithm is based on the following approach: For each
non-literal node n in Q we construct a generalized star query containing all
incoming and outgoing edges of n. We then prune systematically the set of these
generalized star queries to construct the final set of generalized star queries.

In particular:

1. Subqueries containing as many as possible uncovered (i.e. non replicated)
triples of @ are selected first. In this way, the number of subqueries
produced by decomposing the query @ is kept as small as possible. Such
selection is based on the observation that as the number of the query triples
is increasing the number of results (number or documents matching the

subquery) is decreasing.

2. Among the subqueries with equal number of uncovered triples the sub-
queries whose central nodes are URIs precede to our selection; comparing

with the subqueries whose central nodes are variables.

3. In case that the above criteria are satisfied by more that one generalized
star queries we select the query with the maximum number of literals and
URI nodes.

The above criteria are applied iteratively until all triples of the query @ are
covered by (are contained in) at least one generalized star subquery. It is easy
to see that applying the above procedure, some of the triples of the initial query

() may be contained in more than one subqueries.

7.4 The Doc-based Algorithm

The node-oriented partition of a data graph G presented in Section and
the query decomposition of a query @ into generalized star queries presented
in Section [7.3] are taken into consideration in the following query evaluation
strategy; which can be utilized for evaluating graph queries over distributed data
graphs, in parallel.

1. The data graph G is partitioned using the node-oriented partitioning
approach proposed in Section

2. The query graph @ is decomposed into a set Dg of generalized star
subqueries by applying the algorithm presented in Fig. [7.3] and analyzed
in Section [7.3]
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3. We, then, find the embeddings of each subquery in Dg on each node-graph

segment.

4. Finally, we join the compatible embeddings, one for each subquery, in order

to construct the embeddings of the query @.

7.5 Doc-based Implementation using MongoDB
and Apache Spark

In this Section we propose a data model for storing node-oriented partitioned
data into a document database, and specifically, into MongoDB. Although the
proposed data model could be applied in most of the NoSQL databases that
support document model for structuring the data, the approach is focused on
MongoDB, due to proven high-performance management of large amount of
hierarchical data and support of advanced indexing strategies (e.g., multikey
indexes).

We also present a simple distributed algorithm for constructing such a
partition over the data graph stored into a distributed file system. The purpose
of this algorithm is to efficiently partition a large collection of RDF triples
and load the partitioned data into a MongoDB, properly (complying with the
proposed data model).

Considering that the data graph is properly partitioned (i.e., node-oriented
partitioned) and stored into a MongoDB collection, the evaluation of an arbitrary
query @ over the partitioned data is performed in two phases. The first phase is to
properly query the data stored in MongoDB (in order to extract the data required
to answer the query @) and the second phase focuses on efficiently combining
the intermediate results extracted in the first phase in order to provide the
answer of @. In order to identify and extract, in phase 1, only the data required
for answering query @, we firstly apply the query decomposition approach
presented in Section Then, we use the subqueries in the decomposition of
@ in order to efficiently extract, from the MongoDB, the required data used to
construct the answer of (). Based on the proposed data model, we also provide
a simple algorithm which translates the graph subqueries into the corresponding
MongoDB queries. The results of the subqueries are loaded into Spark in order
to be combined and result the answer of Q). Subsection [7.5.3] describes, in more

detail, the overall evaluation approach.
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7.5.1 Document Data Model for Storing Node-Oriented

Data Graph Decomposition Segments

In this Section, we present an approach of utilizing the node-partition technique
defined in Section for efficient evaluation of generalized star queries over
large data graphs. The proposed model for storing a node-partitioned data graph
preserves the directed graph structure of the data into each node-graph seg-
ment. In particular, each node-graph segment is stored in hierarchical /document
structure (each segment is translated to a single document).

The data model used to store each node-graph segment in a different document
is defined in Fig. a). In this model, each segment document/object consists
of the following attributes:

1. the URI of the central node
2. an array of subjects including all the outgoing edges

3. an array of objects including all the incoming edges

Note that we consider grouping of all the incoming and outgoing edges
according to their predicate in order to reduce the replication of the predicate
values in the edges.

As an example, in Fig. b), we can see the JSON document file that
represents the node-graph segment G2 depicted in Fig. [7.2]

7.5.2 Efficient Parallel Partitioning Algorithm

To ensure efficient node-partitioning of data graphs and loading the resulted
segments into MongoDB, we propose the distributed, MapReduce algorithm
illustrated in Fig. The algorithm works as follows: The map function gets an
input file containing data triples and for each triple outputs: (a) a pair including
the subject as key and a tuple including the predicate and object as value (along
with a flag specifying that the value corresponds to outgoing edge), and, (b) if
the object is not literal, a pair including the predicate and subject as value (along
with a flag specifying that the value corresponds to incoming edge). Reduce
function gets all triples of a certain node-segment and distinguish them into a
group of outgoing and a group of incoming edges. Within each group, it applies
a secondary grouping based on the predicate values. From these groups the

reduce task generates a JSON document which represents a node-segment of the
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data graph according to the data model presented in Fig. (a). Finally, the
reducers upload/store the constructed documents into MongoDB.
The aforementioned algorithm could be straightforwardly translated into

Spark as follows:

starRDD =  triplesRDD
fHatMap(triple: createStarCenters(triple))

.groupByKey()

.map(transform2MongoDoc)
where triplesRDD represents the triples RDD initialized by loading the triples
into Spark and star RDD represents the resulted star-partitioned data. The
function createStarCenters generates, for each triple, two key-value pairs where
the triple’s subject and object are the keys, respectively, and the value is given by
the triple itself. transform2MongoDoc is a function that transforms, for each
central node, the star data subgraph (built by the grouping) into a document-like
structure which is acceptable by the Spark-MongoDB Connector.

7.5.3 Evaluating Graph Pattern Queries using MongoDB
and Apache Spark

Considering a node-partitioned data graph stored in a MongoDB collection, as
analyzed in previous Sections, it is easy to verify that such a partitioning approach
ensures low-latency query evaluation of generalized star queries. The main reason
for this statement is that each query is evaluated over each document, without
requiring any time-consuming join operation. In addition, due to horizontal-
scaling feature of MongoDB, we could achieve high-performance query evaluation
over huge amount of data distributed in a Mongo cluster. The challenge arises
when the given query expression is not limited to a generalized star query.

In this Section, we present an approach for efficiently evaluate arbitrary
queries over a node-partitioned data graph. In particular, the approach is based
on decomposing the given query graph into generalized star queries. These
queries are evaluated over the node-partitioned data, stored in a distributed
collection. The results of those queries are combined through a Spark DAG
process, which ensures computation of the answer of the given query. The overall
process is managed by a driver application which ensures communication between
MongoDB and Spark, as well as management of the overall process.

The overall evaluation algorithm is described by the following steps. Consider

a graph query @, given as SPARQL expression, over a data graph G. We also
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assume that the graph G is partitioned, according to node-partitioning approach
presented in Section [7.1] and stored in a MongoDB collection C¢ using the
algorithm presented in Subsection [7.5.2] The data stored in MongoDB conforms
to the data model presented in Subsection

Step 1: Initially, the query graph @ is decomposed into a set Dg of general-
ized star subqueries by applying the algorithm presented in Fig. [7.3

Step 2: Each subquery in Dg is transformed into the corresponding Mon-
goDB query over Cg, using the algorithm presented in Fig. The resulting
set of MongoDB queries is denoted D M.

Example 7.5.1. The MongoDB query constructed by applying the aforemen-

tioned transformation algorithm to the generalized star query Qo depicted in

Fig. [71) is:

{ "$and" : [
{"object.predicate" :
{"$elemMatch": {"value" : "hasAuthor" ,
"subject" : {"$elemMatch" : {
"value": "Articlel"
F}r o3,

{"object.predicate" :
{"$elemMatch" : {"value": "hasAuthor"}}
},
{"subject.predicate" :
{"$elemMatch" : {"value": "hasSupervisor"}}

}11%

Step 3: All the queries in DM g, are posed into Cg, in parallel, and return
the documents (i.e., the star segments of G) s.t., there is at least one embedding
from a query in Dg. Note that the result of each subquery defines a certain
RDD into Spark (one for each query in Dg).

Step 4: Then, the RDDs created in the previous step are flattened, properly,
and translated into relational-like structures; since the RDDs created in the
previous step are given in nested form (implied by the nested document structure).
In particular, for each query S in Dg, we create a relational structure having
one field for each node of S. Each record of this structure corresponds to an
embedding of .S over the corresponding graph segment; e.g., if e is an embedding
from S to the segment G;, for each node n in N(S), there is a field in the
S’s relation with name n and value e(n). Note that this step is implemented
in Spark and no data shuffling between cluster nodes is required (i.e., such a

transformation is performed in parallel over each element of the RDD).
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Step 5: The relational-like RDDs created in the previous step are then
translated into Spark DataFrames, in order to utilize the optimized join opera-
tions provided by Spark for managing DataFrames. Note that for each subquery
corresponds a single DataFrame.

Step 6: Finally, the DataFrames built in the previous step (one for each
subquery) are joined over the common queries nodes/fields in order to compute
the answer of the initial query posed into the data graph.

Note that the Steps 1 - 4 are performed in parallel without any communication
cost required between cluster nodes. Only the Step 5 requires data shuffling, in
order to compute the join operations between the DataFrames computed in Step
4. Tf the initial query is a generalized star query (i.e., no query decomposition
is required), the overall query evaluation is completely performed in parallel,
without any communication between the cluster nodes. If, however, the given
query belongs to a super-class of generalized star queries, a sequence of join
operations is required. Although the order the join operations are applied
might provide additional improvement of the performance of the overall query
evaluation, in this work, we rely on the Spark query planner, in order to construct
an efficient query plan, and consider finding an optimal query plan as a topic for
future investigation.

For example, Fig. illustrates a diagram showing the overall evaluation
process of a query @ which is decomposed into 3 subqueries (subQueryl, sub-
Query2 and subQuery3). The resulting RDDs constructed in Step 3 and resulted
by querying MongoDB collection are named RDDJ_1, RDDJ_2 and RDDJ_3,
respectively (one for each subquery), while the flattened RDDs constructed in
Step 4 are named RDDM_1, RDDM_2 and RDDM_3, respectively. The flattened
RDDs are respectively translated into the DataFrames DF_1, DF_2 and DF _3,
as described in the Step 5. The last steps of the diagram show a potential join
plan produced by Spark, in order to compute @’s embeddings, and consequently

return @Q’s answer.

7.6 Discussion

RDF data can be efficiently stored on a document database through partitioning
the overall data-graph into star segments. The proposed data partitioning
approach ensures high-performance query answering for a wide sub-class of

queries, called generalized star queries. The efficiency of the approach is based
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on the feature that no joining operations are required between different data
collections in order to completely evaluate a generalized star query over each
data record/segment, and the segments could be evenly distributed in multiple
cluster nodes.

Our approach is then extended to support the evaluation of general BGP
SPARQL queries. The evaluation of these queries is based on the fact that every
BGP query can be decomposed into a set of generalized star queries which can
be evaluated independently of each other (and in parallel), and then the results
of this evaluation can be appropriately combined to get the answers of the initial
BGP query. Experimental evaluation shows that our approach is scalable in
terms of the size of the data graph and efficient in the query evaluation.

As future work, we aim to investigate optimization of the query plans used
to combine the results of the generalized star sub-queries. Furthermore, we aim
to analyze additional query decomposition approaches, focusing on finding an
optimal query decomposition for our setting. An additional topic for further
investigation is how our approach could be extended to support query evaluation

over dynamic RDF data.
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max-subquery-with-redundancy-algorithm(Q, R)
// @ a query.
// R a decomposition of Q consisting of generalized star subqueries of Q
begin
R =0;
N = N(Q) — L; // The non-literal nodes.
SQ = @,’
// Sq aims to contain all the pairs (n, S(n)) where n € N and
foreach n € N do
// S(n) is the maximal generalized star query with n as central node.
begin
S(n) = {t|lt € Q and (t = (n,p,0) ort = (s,p’,n))};
Sq =8qU{(n,S(n)};
end
Tcovered = 0;
while S # 0 do
begin
Let S3°% = {(n,Q")|(n,Q") € Sq and
¥(m, Q") € (Sq — {(n, Q")) NC(Q') > NC(Q")}
// NC(Q) function returns the number of Not Covered triples in Q
if S&¢ is a singleton (i.e. S = {(n,Q")} then S = (n, Q")
else
begin
Let S’gRI ={(n,Q)|(n,Q") € SZ** and n is URI}
ifS[Q]RI is a singleton (i.e. SSRI ={(n,Q')} then S = (n, Q")

else
begin
ingRI = () then Temp = S;*"
else Temp = SgRI

Let Sg”””“”s ={(n,Q")|(n, Q") € Temp and
¥(m, Q") € (Temp — {(n, Q")} |vars(Q")| < |vars(Q")|}
Select an element (n, Q") from Sgi"“ars and assign it to S
end
end
R=RuU{Q'}; // ... add Q', where S = (n, Q") to the result and ...
Tcovered = Tcovered U Q’v‘ // ... add its triplcs to Tcovered-
597 = S — {(n.Q)}:
Sqg =0;
//Reconstruct Sq by removing the queries whose triples are ...
foreach (m, S) € Sgd do
//... completely covered by the generalized star queries already constructed ...
begin
if S — Tcovered # ( then SQ = SQ U {(m,S)};
end
end
end.

Figure 7.3: An algorithm for decomposing a query graph into generalized star

queries.
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"centralNode" : "Person2",
"subject" : {

"predicate" : [
. {
object node-segment {
"value" : "hasSupervisor",
string "centralNode"; X
] ) "object" : [
object "subject" { c
string "value";
. . "value" : "Person3"
array of objects "predicate" { }
string "value"; ]
array of objects "object" { }
string "value"; ]
}
) },
3 "object" : {
"predicate" : [
object "object" { c
string "value";
. . "value" : "hasAuthor",
array of objects "predicate" { .
. "subject" : [
string "value"; c
array of objects "subject" {
X "value" : "Articlel"
string "value"; }
} s
} {
"value" : "Article2"
}
) }
]
}
]
}

(a) (b)

Figure 7.4: (a) Document data model, (b) Segment represented by a JSON

document.
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mapper (key, values)

// key: data file

// values: data triples t=(s, p, o)

begin

foreach data triple t in data file do
Emit <s,(”subject”, p, 0)>;
if (o ¢ L) then
Emit <o,(”object”, p, s)>;

endif

end.

reducer(key, values)
// key: s and o ¢ L of all data triples
// values: data triples t=(s,p,0)
begin
- Group the values per ”"object” and ”subject”;
- For each ”subject” group, group the values per predicate (p) value;
- For each ”object” group, group the values per predicate (p) value;
- Construct the JSON document d based on data model shown in Fig. (a);
- Load d using the corresponding MongoDB connector;

end.

Figure 7.5: A node-partition algorithm.
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generalized star to MongoDB query transformation
// input: generalized star query Q
// output: MongoDB query
begin
Let V be the set of variables in Q and ¢=C(Q);
ifc ¢V then
query +={ centralNode : e(c) };
foreach query triple t; = (s;,pi,04) in Q do
if s;=c then
ifp, ¢ V and o; ¢ V then
query +={subject.predicate : { $elemMatch :
{ value: e(p;), object : { $elemMatch : { value : e(0;)}}}}};
else if p; ¢ V and o; € Vthen
query +={subject.predicate : { $elemMatch : { value : e(p;) }}};
else if p; € V and o; ¢ Vthen
query +={subject.predicate.object : { $elemMatch : { value : e(0;)}}};
else
ifp; ¢ V and s; ¢ Vthen
query +={object.predicate : { $elemMatch : { value : e(p;), subject :
{ $elemMatch : { value : e(s;) }}}}};
else if p; ¢ V and s; € Vthen
query +={object.predicate : { $elemMatch : { value : e(p;)}}};
else if p; € V and o; ¢ Vthen
query +={object.predicate.subject : { $elemMatch : { value : e(s;)}}};
MongoDBQuery = { $ and : [ + query + | };
end.

Figure 7.6: An algorithm for transforming generalized star query to MongoDB

query.
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Figure 7.7: The DAG operations for the full query processing. An example with

a query decomposed into three generalized star subqueries.
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Chapter 8

Experimental Results

In this Chapter, we present a set of experiments that evaluate and compare the
three MapReduce algorithms QEJPE, eval-STARS and QE-with-Redundancy
described in Chapter [d] Chapter [5] and Chapter [6] respectively and the Doc-
based algorithm presented in Chapter Experiments results for the query
decomposition algorithms, described in Section are also presented.

8.1 Evaluation of the QEJPE, eval-STARS and
QE-with-Redundancy Algorithms

To evaluate the QEJPE Algorithm, eval-STARS Algorithm and QE-with-Redundancy
Algorithm experimentally and to compare the algorithms we present a set of
experiments performed over a cluster of 10 virtual machines, and analyze the
outcomes. Each cluster node has the following characteristics: Intel(R) Xeon(R)
CPU E5-2650 v3 @ 2.30GHz (8 Cores) with 16GB RAM, 60GB HD, Ubuntu
16.04 LTS, 64-bit Operating System. We used Apache Hadoop v3.1 with HDFS

(1 NameNode, 1 Secondary NameMode, 10 DataNodes each one 30GB) and
YARN (1 ResourceManager, 10 NodeManagers). The 10 virtual machines were
connected through external IP addresses.

To perform the experiments we used four different datasets (D1, D2, D3, D4)
in N-Triples format from the Waterloo SPARQL Diversity Test Suite (WatDiv)
[33, 24]. The number of triples of each dataset, as well as the scale factors used
to generate the datasets, are illustrated in Table

The data graph was partitioned using three approaches, random edge par-
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Dataset/Query Scale Factor Number of triples Number of files
D1 25 2,731,510 7
D2 50 5,486,199 13
D3 100 10,979,566 25
D4 200 21,961,070 49

Table 8.1: Description of the Datasets

tition, vertex partition, and METIS. In particular, the random edge partition
was implemented by randomly adding each edge into a file such that each file
had approximately 450,000 triples. We also stored information about the border
nodes in each file. The vertex partition essentially describes the implementation
of s-decomposition approach defined in Chapter[6} The last partitioning approach
used is METIS [75], in order to minimize the number of border nodes in each file.
Note that the random edge and METIS partitioning approaches were used to
evaluate queries using the QEJPE-algorithm and eval-STARS algorithms, while
the vertex partition was used to evaluate the QE-with-Redundancy algorithm.

In the implementation of each algorithm, we used the library RDFLibE to
pose the subqueries over data segments in each MapReduce task. In particular,
in order to find the partial embeddings in each MapReduce task, we parse the
data segment and load it into certain structure using RDFLib. Then, we use the
query evaluation mechanism of the library to query the loaded segment and find
the corresponding partial embeddings. Although the usage of RDFLib facilitates
the evaluation of subqueries and provides an efficient evaluation tool in each
task, there is an overhead due to loading of each data segment, which is around
40 seconds for each data segment. Note that the loading time does not include
the transfer time of each segment as well as the time that takes each task to be
initialized.

We conducted several types of experiments to investigate both the perfor-
mance of the query evaluation algorithms proposed in this paper and the impact
of the query decomposition algorithms on the overall query evaluation. In the
following, we initially analyze the scalability of each query evaluation algorithm,
in terms of both the size of the dataset and the number of cluster nodes. Then,
we analyze how the query evaluation algorithms perform in widely-used pattern
types of queries and different partitions of the data graph (the ones mentioned

above). Finally, we analyze how the overall performance of query evaluation is

I'RDFLib documentation: https://rdflib.readthedocs.io/
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affected by the type of query decomposition selected.

8.1.1 Scalability of the Query Evaluation Algorithms

In this Section, we investigate the scalability of the QEJPE-algorithm, eval-
STARS and QE-with-Redundancy algorithms. In particular, we conducted a set
of experiments to analyze how the query evaluation algorithms perform in terms
of both the size of the input dataset and the number of compute nodes in the
cluster.

Initially, we selected three queries of different types from the WatDiv Bench-
mark and evaluated them using each of the algorithms over each of the D2-D4
datasets. The queries selected are illustrated in the Table along with the
number of subqueries generated per algorithm. For each query, the type of
the query and the number of the resulting tuples for each dataset are included
in the table, as well. Table [8.3] summarizes the execution time of each query,
per evaluation algorithm and dataset, where L, S and F' represent the Linear,
Star and Snowflake queries selected, respectively. Figures [8.1al, [8.1b] and [8.1d

graphically show the execution time per dataset and evaluation algorithm, for

each query. Figure [8:Id]illustrates the average execution time for each dataset
and each algorithm. Looking at the experimental results, we can see that al-
though the amount of the data in each dataset is doubled (i.e., D3 and D4 have
around 100% more triples than D2 and D3, respectively), the growth rate of
the execution time remains less than 30%, in average; which shows that each

algorithm scales well in terms of the size of the dataset?]

Number of subqueries Results
Query type . .
QEJPE-algorithm | eval-STARS | QE-with-Redundancy | D2 | D3 D4
Linear (L2) 2 2 2 36 9 432
Star (S5) 2 1 1 20 33 64
Snowflake (F1) 3 2 2 0 10 4

Table 8.2: Description of the queries evaluated over datasets of different sizes

To evaluate the scalability in terms of the size of the cluster (i.e., the number
of compute nodes), we performed as follows. We evaluated over 3 cluster settings
the 3 queries described in Table [B:2] using each algorithm over the dataset D4.
In particular, the first setting had 4 compute nodes (NodeManagers), the second

2Note that the scalability of each algorithm is limited by the capacity of the cluster resources
(i.e., memory, disk space).
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(c) Snowflake Query (d) Average per evaluation algorithm

Figure 8.1: Query evaluation in terms of the size of dataset (in seconds)
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QEJPE-algorithm eval-STARS QE-with-Redundancy
L S F L S F L S F
D2 | 1079 | 1106 | 1109 | 1086 931 893 796 469 792
D3 | 1140 | 1207 | 1606 | 1134 | 1135 | 1156 872 544 856
D4 | 1265 | 1358 | 2874 | 1205 | 1270 | 1288 | 1103 | 749 1102

Table 8.3: Query evaluation in datasets of different sizes (in seconds)

had 7 compute nodes and the last one utilized all the 10 available compute nodes.
Then, we executed the evaluation algorithms in each setting. The execution
times are summarized into the Table Figures [8.2a] |8.2b| and |8.2¢| illustrate

the execution time in terms of the size of the cluster per algorithm for each type

of query. As we can see, the algorithms scale well in terms of the number of
compute nodes; i.e., the execution time is decreasing by increasing the number

of compute nodes.

QEJPE-algorithm eval-STARS QE-with-Redundancy

L S F L S F L S F
4 Nodes 1929 2214 - 1970 1914 2073 1957 1537 1993
7 Nodes 1421 1738 3967 1417 1415 1437 1323 969 1334
10 Nodes 1265 1358 2874 1205 1270 1288 1103 749 1102

Table 8.4: Query evaluation in D4 dataset for different compute nodes size

(seconds)

8.1.2 Comparison of Query Evaluation Algorithms

In this Section, we present the outcomes of the experiments performed in order
to compare the performance of the query evaluation algorithms proposed in
this work; i.e., the QEJPE-algorithm, eval-STARS and QE-with-Redundancy
algorithms. The evaluation performed by applying all the algorithms for a
variety of queries over the dataset D4 described in the previous Sections. We
used multiple queries from WatDiv Benchmark, from all the proposed query
types (Linear, Star, Snowflake, and Complex). Table summarizes the queries
used in this experiment, along with corresponding characteristics of each query;
e.g., number of triples, number of variables, number of resulting tuples over the
dataset D4, and the number of subqueries generated by the query decomposition.

The QEJPE-algorithm and eval-STARS algorithms were also tested over
two data partitioning approaches, random partitioning and METIS, while the
QE-with-Redundancy algorithm was only evaluated over vertex-partitioned data

(due to the requirements of the algorithm). The execution time for each query
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Figure 8.2: Query evaluation in terms of compute nodes size per algorithm
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is included in the Table where the execution time is given in minutes,
followed by seconds (i.e., Minutes:Seconds). The average execution time for each
algorithm and each query type, per data partitioning approach, is illustrated
in Table and graphically presented in Figure Note that evaluating the
majority of Snowflake and Complex queries using QEJPE-algorithm the cluster
reached the memory limits (14.5GB for all YARN containers on a node) and did
not manage to provide any result.

Linear Star Snowflake Complex
Parameters
L2 L4 S3 S5 F1 F4 C3
Triples 4 3 4 4 6 9 6
Variables 2 2 4 3 5 8 7
Results 432 109 677 64 4 71 763924
Subqueries QEJPE-algorithm 2 1 2 2 3 5 3
Subqueries eval-STARS and QE-with-Redundancy 2 1 1 1 2 2 1
Subqueries QE-with-Redundancy 2 1 1 1 2 2 1

Table 8.5: Description of Watdiv queries

QEJPE eval-STARS .
Query QE-with-Redundancy
METIS Random METIS Random
L2 21:06 21:05 21:11 20:05 18:23
L4 19:56 21:06 21:09 21:03 12:43
S3 21:47 34:59 18:51 21:18 12:37
S5 20:43 22:38 18:14 21:10 12:29
F1 23:29 47:54 22:22 21:28 18:22
F4 - - 21:22 21:38 18:23
C3 - - 30:09 25:30 17:48

Table 8.6: Execution time per query

Query Type Data Partitioning | Linear Star Snowflake | Complex
METIS 1231,0 | 1275,0 - -
QEJPE-algorithm
Random 1265,5 | 1728,5 - -
METIS 1270,0 | 1112,5 1312,0 1809,0
eval-STARS ’ ’ ’ ’
Random 1234,0 | 1274,0 1293,0 1530,0
QE-with-Redundancy s-decomposition 933,0 753,0 1102,5 1068,0

Table 8.7: Average execution time per query type (seconds)

As we can see in the experimental results, QEJPE is more efficient for Linear
queries than Star queries. In addition, METIS outperforms Random partition
for both Star and Linear queries.

Queries L2 and L4 from WatDiv Benchmark (Linear query type) evaluated

in all the algorithms and the mean execution times in seconds of these queries
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are presented in Figure and in Table QE-with-Redundancy algorithm
performs better than QEJPE-algorithm and eval-STARS algorithms. eval-
STARS algorithm perform better than QEJPE-algorithm using both METIS
and Random partition.

Queries S3 and S5 were used to evaluate star type queries. QE-with-
Redundancy algorithm performs better than QEJPE-algorithm and eval-STARS
algorithms while eval-STARS perform better than QEJPE-algorithm. Both
eval-STARS and QEJPE-algorithm perform better for METIS partition than
random partition.

In case of Snowflake queries, queries F1 and F4 executed. Experimental
results prove that QEJPE-algorithm is not efficient for this type of queries.
QE-with-Redundancy algorithm performs again better results from eval-STARS
algorithm. eval-STARS algorithm performed almost the same results for random
and METIS partition.

Similar behavior with Snowflake queries had the Complex type queries. C3
query executed and QEJPE-algorithm was not efficient, QE-with-Redundancy
algorithm performs better results than eval-STARS algorithm. In this type of
query, eval-STARS algorithm performed better using random partition rather
than METIS partition.

8.1.3 Query Decomposition Algorithms Evaluation

In this Section, we experimentally analyze how the selection of the query decom-
position algorithm can affect the overall query evaluation performance. We focus
on the three main query decomposition algorithms proposed in Section [6.3} i.e.,
min-res, max-degree, and max-degree-with-reshaping. To perform this experi-
ment, we decomposed multiple queries using the aforementioned decomposition
algorithms and evaluate them using a single evaluation algorithm and over a
single dataset.

In particular, we initially used a query template (i.e., query graph structure)
over the WatDiv data model and generated six different queries by setting
variables and constants to the nodes. The queries Q1-Q6 that were constructed
are depicted in Figure where the white-colored nodes represent the variables
and dark-colored nodes represent constants. We also constructed an additional
complex query Q7, over the WatDiv data model, asking for certain edges of the
data graph multiple times. We then decomposed the queries Q1-Q6 using different

decomposition algorithms and evaluated them using the QE-with-Redundancy

107



1400
1270

1231 1234
1200
1000

1266
| | | | |
0 I

QEJPE-aigorithm  QEJPE-algorthm  eval-STARS (METIS _ eval-STARS  QE-with-Redundancy
(METIS Partion) ~ (Random Partion)  Partiion)  (Random Partiton)

®
o
S

-y
=}
153

IS
S
15}

(a) Linear query type evaluation

1.103

QE-vith-Redundancy

1400 1312 Las
1200
1000

800

0 | |

QEJPE-algorithm  eval-STARS (METIS _ eval-STARS

igor
(METIS Partion)

Partiton)

(c) Snowflake query type evaluation

Figure 8.3: Comparison of query evaluation algorithms for a variety of query

types (seconds)

108

2000
1800
1600
1400
1200

1729
1275
113
1000
00

00 I I I
0

00

00
QEJPE-algorithm  QEJPE-aigortim  eval-STARS (METIS
(METIS Parton) ~ (Random Partion)  Partton)

1274

I :

©valSTARS  QE-with-Redundancy
(Random Partiion)

NS O ®

(b) Star query type evaluation

1809
o 0 |
0

QEJPE-aigorithm igor
(METIS Parton) ~ (Random Pariion)

1530

I 1.068
©val-STARS

(Random Pariton)

Pariiion)

(d) Complex query type evaluation



algorithm and the dataset D4. For Q7 query, the smaller dataset D1 was used to
overcome memory limitation due to the large number of results. The execution
time for each query and each decomposition algorithm is illustrated in Table [8.8]
along with the number of subqueries resulted by each decomposition algorithm
and the number of resulting tuples. The execution time per query and algorithm

is graphically presented in Figure 8.5

makesPurchase

gender

makesPurchase

gender gender

makesPurchase

Figure 8.4: Queries used to compare decomposition algorithms

Analyzing the execution time of the queries per decomposition algorithm
(Table and Figure , we can easily see that for queries Q1 and Q2, the
decompositions of the max-degree and max-degree-with-reshaping perform better
than the ones given by min-res. Queries Q4-Q6 perform similarly, for all the
three algorithms. This can be explained by the fact that the queries Q1 and Q2
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Queries | Results min-res max-degree max-degree-reshaping

subqueries | time subqueries | time subqueries time
Q1 11 5 1784 3 1103 3 1103
Q2 33 5 1544 3 1129 3 1129
Q3 1 3 1144 3 1144 3 1144
Q4 1580 5 1422 3 1430 3 1430
Q5 5808 6 1436 3 1431 3 1429
Q6 12705 6 1428 3 1432 3 1425
Q7 438976 7 1132 3 1305 3 1331

Table 8.8: Evaluation using QE-with-Redundancy and different query decompo-
sitions (Seconds)
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Figure 8.5: Query decomposition algorithms evaluation (seconds)

give decompositions with more subqueries using min-res than the decompositions
given by the two other algorithms, as well as the results are few. For queries
Q4-Q6 the performance of min-res algorithm is improved compared with the max-
degree and max-degree-with-reshaping algorithms. Query Q3 is an exception
since the decomposition resulted by all the three algorithms is the same.

Comparing now the execution time of the max-degree and the max-degree-
with-reshaping, these algorithms resulted similar decompositions. Hence, as we
can see in Table [8:8 and Figure [8:5] their execution time for the majority of the
queries is very close.

Looking however the execution time of the query Q7, the decomposition
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resulted by min-res outperforms the decompositions given by max-degree and
max-degree-with-reshaping. To analyze this result in more detail, we can easily
see that since the node 7z1 is high degree, gives a subquery with multiple variables
in the decompositions given by max-degree and max-degree-with-reshaping. In
addition, the variables 722, 723, and 7z4 in both subqueries map to the same data
nodes and increase significantly the number of intermediate results (comparing
with the number of the corresponding data edges mapped by these variables in
all the embeddings). On the other hand, min-res handles such a case better,

since it does not allow subqueries having more than 2 variables to be generated.

8.2 Evaluation of the Doc-based Algorithm

To evaluate the Doc-based Algorithm through experimentally analyzing the
performance and scalability of the overall approach a set of experiments were
conducted using Apache Spark and MongoDB. Spark was initially used for
preparing and partitioning the input data graph, as well as loading the data seg-
ments into a distributed collection of a MongoDB Cluster (see Subsection [7.5.2).
MongoDB cluster was used for storing the data segments and efficiently answer-
ing subqueries over the data segments. Finally, an application providing a query
interface and managing the overall query evaluation process was implemented.
The application takes a query from the user, decomposes the query into sub-
queries (see Section and translates subqueries into MongoDB queries, as
described in Subsection [7.5.3] The subqueries are then used to build the proper
Spark job which is submitted into the Spark cluster (see Subsection in
order to get back the query answers.

In the experimental analysis we used 10 virtual machines (VMs) to setup
the Spark (6-node cluster) and MongoDB (1 router server, 1 config server and
5 shards) clusters. The specifications of each VM are given as follows: Intel
Xeon 2.30GHz (8 Cores) with 16GB RAM, 60GB HD, Ubuntu 16.04. In all the
experiments, the amount of memory per executor process was set to 6GB, the
number of executors was set to 20, and the executor cores was set to 3.

We used the Waterloo SPARQL Diversity Test Suite (WatDiv) to generate 4
different datasets D1-D4 (in N-Triples format). WatDiv generates benchmark
datasets which are widely used (e.g., [113, 60]) to evaluate and measure the
performance of RDF data management systems and query evaluation engines,

since it provides a wide spectrum of SPARQL queries.
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Table 8.9: Datasets characteristics

Dataset  Size (GB) Triples Segments

D1 1.16 8,773,357 417,705
D2 2.33 17,582,410 834,665
D3 3.50 26,342,929 1,251,625
D4 4.67 35,112,532 1,668,585

Table describes the datasets; showing the size of each dataset, the number
of triples generated and the number of segments stored in the MongoDB as
documents.

Furthermore, we set up five indexes to each dataset’s collection (1 collection
for each dataset) in order to improve the performance of finding the embed-
dings of subqueries over each segment. The selected indexes are the values
of the keys centralNode, subject.predicate.value, subject.predicate.object.value,
object.predicate.value and object.predicate.subject.value. The indexes were se-
lected in such a way that if a subquery includes constants (i.e., either URIs or
literals), these constants are taken into consideration in order to improve the
performance of the subquery evaluation.

To evaluate our approach, we used 17 WatDiv benchmark queries, which
cover a wide range of conventional query forms that are practically used in the
real datasets. According to the WatDiv Benchmark, the queries are categorized
into linear queries (L) (queries L1, L3, L4), star queries (S) (queries S1, S2,
S3, S5, S6, S7), snowflake-shaped queries (F) (queries F1, F2, F3, F4, F5) and
complex queries (C) (queries C1, C2, C3). Typically, linear refers to path queries,
star category of the benchmark includes simple star queries (e.g., having at least
one URI as a leaf), and snowflake refers to star consisting of star subqueries (i.e.,
star of stars). Complex category includes queries that could not categorized into
one of the aforementioned categories, or queries of the aforementioned categories
with high selectivity [I120] (i.e., large amount of data in the result). Their query
definitions are described, in details, in the WatDiv documentation (see Query def-
initions/Templates: https://dsg.uwaterloo.ca/watdiv/basic-testing.shtml). The
17 queries selected are listed in the first column of Table [8.10

Table [8:10] summarizes both the main information about the selected queries

(such as the number of the generalized star subqueries F(Q), and the number
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|Q| of the query triples) and the evaluation results for each dataset (in seconds).
Notice that the queries L3, L4, S1, S2, S3, S5, S6, S7, C3 are generalized star
queries; hence, the number of created subqueries is 1. In addition, the queries
L2, F1,F2, F3, F4, F5 are decomposed into 2 subqueries, while the query C1 is
decomposed into 3 subqueries and the query C2 is decomposed into 5 subqueries.
Note here that the number of subqueries implies the number of joins required
during query execution (e.g., L2 requires a single join of the results of the
subqueries in order to find the answer of L2, while L3 requires no join).

The outcomes of our experimental analysis are illustrated in the Figures
B7 and [8-8 Figure [B.6] graphically illustrates the execution results included
in Table for each query and each dataset, while Figure illustrates the
average execution time of queries per benchmark category, as well as the scaling
ratio through the R? (R — squared) measure. The average execution time of
queries per benchmark category are also summarized into Table 811 Analyzing
further the scalability of our approach w.r.t. the dataset size, Figure[8.§|illustrates
the scalability per number of subqueries. In Figure [8:8] each line represents the
average, relative percentage (across all the datasets) of execution time of the
queries decomposed into X subqueries, where X is the name of the line (i.e.,
1, 2, 3, or 5 subqueries). The relative percentage of execution time is given by
dividing each execution time of each query with the maximum execution time
of the query across all datasets, and describes the percentage of execution time
w.r.t. the maximum execution time of each query; e.g., the execution time L1
for D1 is 48.57% (= 8.65x100% ) of the max execution time of L1

maw(8.65,12.60,17.13,17.81)
across all datasets (i.e., of the execution time of L1 over D4).

Figures [8.7 shows that, for each benchmark category of queries, our approach
scales linearly w.r.t. the dataset size. Additionally, Figure [8.8] shows that
our approach scales linearly (w.r.t. the dataset size) regardless the number of
subqueries. On the other hand, Figure shows that the number of subqueries
(e.g., L4 vs. L1) and the size of the result (e.g., L2 vs. C3) significantly affect
the execution time; the execution time increases w.r.t. the number of subqueries

(i.e., joins required) and the size of the query answer.
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Table 8.10: Execution times for 17 WatDiv benchmark queries (seconds).

Query Q Q] |F(Q)] D1 D2 D3 D4
L1 3 2 8.65 12.60 17.13 17.81
L3 2 1 4.10 4.97 5.76 6.99
L4 2 1 3.06 3.95 4.95 5.65
S1 9 1 2.56 3.39 4.12 4.93
S2 4 1 3.09 4.30 5.77 6.52
S3 4 1 2.71 3.81 4.58 5.64
S5 4 1 2.53 4.17 5.18 6.55
S6 4 1 2.35 3.58 4.11 5.32
S7 3 1 1.96 3.04 3.69 4.74
F1 6 2 5.34 7.25 9.81 9.74
F2 8 2 7.64 11.25 17.79 21.60
F3 6 2 28.06 3791 45.82 44.83
F4 9 2 4.16 5.64 7.46 12.05
F5 6 2 19.84  27.15 66.69 96.73
C1 8 3 18.08  32.85 61.82 76.09
C2 10 5 51.01 140.87 197.51 248.05
C3 6 1 8.30 13.29 35.76 31.92

Table 8.11: Average execution times of the queries grouped according to the

benchmark query categorization (seconds)

Query Type D1 D2 D3 D4

(L)inear 527 717 928  10.15
(S)tar 253 371 458  5.62
Snow(F)lake 13.01 17.84 29.51 36.99

(C)omplex  25.80 62.33 98.37 118.69

114



250

225

200

175

150

sec 125

100

75

50

25

Query evaluation experimental results
=Dl
=D2
mD3
I uD4
L1 3

Figure 8.6: Query evaluation experimental results

time in
seconds

Query Type Summarization Evaluation

140
R? = 0.9846
120
/ N
100
&S
—c
. /
20
/ R*=0978
20
—_— R?=0.9743
o — R? = 0.9967
o1 » o o0

Dataset

Figure 8.7: Query type summarization evaluation experimental results.

115




) 385e1ep 31 Uy S3jdny Jo JaquInN

suow
e By 2 2 ] 2 i w o
. 3
N 2
2
4
=
©
c
<
oo
£
®
O
v
\ 3
8 g B g g g -

$195E1EP ||B SSOJIR BWIY UOIINIBXD XBW J'I'M
3w uonnaaxa 3yt 4o (%) a3erusdiad

Dataset

——

NUM oftriples emtm] empm? w3

1S.

Scaling analysi

Figure 8.8

116



Chapter 9

Related work

The problem of efficiently querying linked data have been widely investigated, in
both centralized (e.g., [116, [117]) and distributed environments (e.g., [68] 107]).
In addition to the query evaluation approaches, a variety of effective storage
schemes have been used to improve query answering, such as the use of relational
databases in centralized approaches (e.g., [42, [I17]) and NoSQL databases (e.g.,
[128]) in distributed environments. To query linked data, we mainly focus on

SPARQL as query language.

9.1 Centralized Environments for Querying Linked
Data

In centralized environments, there is a variety of approaches used for storing
linked data. Widely-used approaches include the triple table (e.g., [00, 02, 123]),
the property tables (e.g., [124]136]) and the vertical partitioning (e.g., [82, [51] 25]).
In the triple-table approach each RDF triple is stored as a triple in a table with
three columns; subject, predicate, and object. In property tables, all the triples
sharing the same value of the subject are stored in a single record of a table, while
in the vertical partitioning approach all the triples sharing the same predicate
values are stored into the same two column table. Furthermore, storing the
linked data into a normalized relational model (e.g., [IT7, 116] ) has also been
extensively investigated. In the majority of such approaches, the query evaluation
is performed by translating SPARQL into SQL queries (e.g., [42] 117, 116]). In
addition, certain indexing strategies are applied in order to optimize query
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answering.

It’s worth mentioning RDF-3X [90, 92] and Hexastore [123], two widely-used
systems that use the triple-table approach. B+ tree indices for all the different
combinations of the subject, predicate and object are applied, where the triples
are sorted lexicographically in B+ tree. Additionally, these systems use indices
with statistics and compressed methods for better performance.

Unlike using relational databases as storage layer, there have been investigated
approaches utilizing graph structures to store linked data. Graph-Based storage
(a.k.a., Vertex-Based, or Node-Based) methods focus on the storing RDF data
into a directed, multi-edge graph. gStore [135] is a representative example, where
the data graph is stored into disk-based adjacency-list table.

In the case of central processing methods vertical scaling has maximum limits
and can not be used when the amount of data increases rapidly [41]. To handle
the problem of querying large volumes of linked data, a variety of distributed
methods for storing and processing linked data have been proposed [128]. Next

sections focus on analyzing these approaches.

9.2 Using Distributed Storage and Processing

As mentioned earlier, approaches applied on a single machine lack scalability.
To handle scalability on query evaluation, a variety of big data technologies
[128] and NoSQL databases have been used. Most of the approaches proposed
in the literature to handle scalability of answering SPARQL queries over big
linked datasets [26] focus on two aspects, distributed storage of linked data and
distributed processing of SPARQL queries. Typically, the proper partitioning of
the data into a distributed repository (either file system or distributed NoSQL
database) can significantly improve the performance of query answering [41] [51],
74]. Following this approach, most of the distributed based methods and systems
utilize efficient partitioning of the data across a cluster of machines in order to
ensure efficient query processing through minimizing the communication cost
and improving parallel execution [41].

Since linked data is represented by a data graph [84], balanced graph par-
titioning is investigated in order to store linked data in a distributed manner.
However, finding a balanced graph partition, as proved, is a NP-complete prob-
lem [54]; hence, the majority of the partitioning techniques proposed focus on

either efficiently approximating a balanced partition using conventional graph

118



partitioning methodologies (e.g., [(5]) or applying certain patterns that are
implied by the form of linked data graph (e.g., semantic partitioning).

The most commonly used partitioning methods [41] are: Random Partition-
ing, Hash Partitioning, Workload-aware Partitioning, Graph Partitioning and
Semantic Partitioning. Random Partitioning [56] [93] is the simplest partitioning
method which divides the total triples of the data graph into separate parts by
taking a portion of its number of edges. It is fast method and offers balanced files
but it does not offer efficient processing features. The Hash Partitioning method
[107, 49| [44] partitions the RDF triples according to their subject, predicate,
object value, or a combination of them. In some cases, RDF triples are replicated
across more than one partition to improve processing efficiency. The approaches
that use the hash partitioning method can evaluate commonly used star queries
on a local level, which minimizes the communication costs. Workload-aware
Partitioning [52] is based on previous query workloads (query log files). As such,
partitions are used to locally evaluate query types that have been frequently used
by users in the past. By using the Graph Partitioning method [67], RDF data
is partitioned according to their graph structure. Min-cut graph partitioning
software METIS [75] is typically used in such cases. METIS reduces the number
of graphs connecting nodes between different partitions but has scalability issues.
This method has the main advantage of placing connected nodes in the same
partition but does not fully guarantee it, so common queries like star queries
cannot always be evaluated locally. An ontology is usually used to partition
data according to their semantic structures within Semantic Partitioning [81].
In addition to their syntax, IRIs are also used as semantic partitioning method
[]1]; assuming that IRIs that have the same hierarchy prefix are often queried
together.

To take advantage of the selected partitioning during query answering, certain
approaches for decomposing the given query, and creating a proper query plan
(consisting of multiple steps of distributed processing) are proposed [49, [58].
Most of these approaches [74], [45] 26] use a distributed processing framework,
such as MapReduce [5] or Apache Spark [I1], to execute the steps identified by
the query plan. Apart from these approaches, there is a noteworthy amount of
related work focusing on utilizing distributed NoSQL databases [104], [34] 110 [78]
to store the linked data graph and answer the given queries. In these cases, the
query evaluation is achieved either through translating the given SPARQL query
into the query language supported by the NoSQL database used [87], or by using
a distributed processing framework to implement the overall query execution
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plan [58] (in such a case, the NoSQL database mainly used as a storage layer
ensuring proper data partitioning).

In the following section, we analyze approaches investigated in the literature
which propose distributed methodologies for evaluating SPARQL queries over
a large amount of distributed linked data. These approaches are classified
into three main categories, the ones using MapReduce/Hadoop (e.g., [107, 68])
as the main distributed processing layer, the ones using Apache Spark (e.g.,
[60, [1T3]) for this purpose, and a set of approaches which either propose a custom
distributed processing framework (e.g., [I07]) or are built on top of a NoSQL
database (e.g., [98]). Then, we also analyze additional distributed evaluation

approaches that cannot be classified into one of the aforementioned categories.

9.2.1 Query Answering Using MapReduce

In this section, we focus on analyzing approaches for evaluating SPARQL queries
using the MaReduce paradigm. The main challenge of evaluating SPARQL
queries over a large, distributed set of linked data is to apply certain joining
operators over the data that is distributed on multiple machines. Afrati et al.
[29] investigated this problem for relational data and proposed an approach for
optimizing joins in MapReduce by choosing the appropriate map-key and shares
in order to minimize the communication cost. This approach is extended in
[28] to data graphs, where the cost of evaluating queries on data graphs using
one round of Map-Reduce is investigated, and an approach of translating the
query patterns into conjunctive queries is proposed. The communication cost
is minimized using the techniques of the approach proposed in [30]. Such an
approach could be used for answering conjunctive SPARQL queries [91], 103}, T21].

A method of answering SPARQL Basic Graph Pattern using traditional
multi-way join into MapReduce, instead of multiple individual joins, is also
presented in [88], where certain joining keys are selected to avoid unnecessary
iterations. This approach can be used for every type of partitioning of the RDF
data.

SHARD [107] is built on top of Hadoop, and uses the Hadoop distributed
files system (HDFS) to store data in native text files. The data is not indexed,
or replicated, and no query plan is used to minimize the number of MapReduce
jobs (or to reduce the intermediate results). It uses subject hash partitioning
to decompose the RDF data graph; all the triples with the same subject are

stored in the same line of the text file. For the execution, one MapReduce job
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is created for every query triple, while an additional job is used, at the end, to
remove duplicated results and apply the required projection. Hence, assuming
an n-triple query pattern, n + 1 jobs are required, and all the data graph is
scanned n times.

HadoopRDF [68] uses predicate hash partition method to distribute the data
graph; similar to the vertical partitioning approach applied by SW-Store [25].
In general, the number of the data fragments is equal to the number of the
distinct predicates. If, however, a predicate value belongs to multiple triples
(e.g., rdf:type value) the subgraph is further partitioned into smaller blocks,
according to the distinct object values. The data is stored into flat files in HDFS.
The query evaluation then is performed through a sequence of MapReduce
jobs. HadoopRDF query processing is optimized using a heuristic and a greedy
approach which produces a query plan to minimize the number of MapReduce
jobs and the intermediate results.

CliqueSquare [58] presents a method that generates highly parallelizable
query plans for BGP queries, which rely on n-ary equality joins with minimum
amount of MapReduce stages. CliqueSquare uses a data partitioning scheme
that permits first-level joins can be evaluated locally at each node. The proposed
partitioning method extends the default three replicas Hadoop fault-tolerant
replication mechanism, since each data triple is partitioned according to its
subject, property and object values. The triples that share the same value in
subject, predicate or object are placed on the same node. This partition ensures
that queries sharing the same variable (like star queries) can be evaluated locally.
Additionally, on each node the data graph is vertically partitioned.

H2RDF [98] uses the Apache HBase [7] to store data triples. Three RDF
indices on subject, predicate and object (spo, pos and osp combinations) are
materialized and stored to HBase in the form of key-value pairs. Different
strategies are used to execute joins and answer the given query. H2RDF+
[07] extends H2RDF by considering three more indices (ops, osp and sop).
Furthermore, MapReduce Merge Join algorithm is used to join query triples that
share the same variable and the MapReduce Sort-Merge Join algorithm is used
for joining the intermediate results.

PigSPARQL [I1I1] is yet another approach which uses Hadoop-based imple-
mentation of vertical partitioning of the data stored into HDFS. It implements
a translation from SPARQL to Pig Latin [94] and uses Apache Pig [10] as an
intermediate engine. SPARQL query triples are reordered for query optimization

processing. In the system RAPID+ [77], an alternative query algebra, called the
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Nested Triple Group Algebra, is used as an extension of Apache Pig, to improve
the performance of SPARQL query processing over MapReduce.

The authors in [67] proposed a graph partitioning schema, which resembles
the s-decomposition partitioning defined in this work. In particular, the data
is partitioned in such a way that the vertices that are relatively close to each
other are included in the same segment. In this context, the following main
methodologies are investigated and proposed: the undirected and the directed
n-hop guarantee. The former focuses on initially partitioning the vertices and
then assigning the triple-paths of length n that start from a vertex that is already
included in the segment. The latter is similar to the directed one but considers
any undirected path of length n. In both cases, a graph practitioner tool which
is based on METIS is used for partitioning the vertices of the RDF graph into
disjoint partitions so that the minimum number of edges is cut. The queries are
also decomposed in such a way that the subqueries generated can be computed
locally, in each cluster node. MapReduce is used for the joins of the intermediate
results of subqueries. Although s-decomposition partitioning approach is similar
to 1-hop undirected guarantee (or hash partitioning), the n-hop guarantee of the
data graph may cause data explosion especially in coherent data graphs if n > 2.

SHAPE [81] proposes a semantic hash partitioning which is based on the
similarity of the URI hierarchy of the vertices. The vertices with same URI
prefixes are placed in the same partition. After a simple hash partitioning is
used, a replication of only a set of necessary triples is performed, using a k-hop
semantic hash partitioning and context-aware filters. The system also uses a
RDF-3X triple store in each data node. Query processing and the joins of the
intermediate results is based in MapReduce.

The papers [71} 93] [56] focus on both decomposing queries and partition the
RDF data, where the data is stored into MySQL and the framework used to
evaluate the queries is MapReduce. SPARQL to SQL translations is used for
query processing, and MapReduce is used to apply the joins. Note however,
that all the suggested methods work independently the storage method (files or
databases). Although these approaches ensure management (even for complex
queries) of large amount of RDF data, the response time of the queries is
questionable, due to the performance limitation of the MapReduce computational
engine.

D-SPARQ [87] uses the document database MongoDB [17] to store and index
data using subject hash partition. A single MapReduce job is then used to
import data into the document database and to collect statistical information
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for query optimization process based on join reordering. All triples sharing the
same subject value are stored in the same document (JSON) file.

Another approach which is based on the MapReduce is Sempala [I12], which
applies SPARQL-to-SQL translation on top of Hadoop. It uses Impala [§] as a
distributed SQL processing engine. Sempala uses a unified vertical partitioning
(single property table) in order to boost the star-shaped queries.

In [122], the authors proposed a MapReduce algorithm, called StarMR, which
is based on star decomposition for answering subgraph matching queries. The
StarMR algorithm is improved with two optimization strategies. The first applies
an RDF property filtering approach and the second one postpones any Cartesian
product operation. RDF graph is stored in a distributed adjacency list.

[69] uses a partitioning method over the predicate value and the type of
objects to store the RDF data. Query processing is performed using MapReduce
and the algorithm proposed applies a number of the jobs that depends on the

form of the given query.

9.2.2 Query Answering Using Spark

In this section, we focus on analyzing distributed query evaluation over RDF
data, taking advantage of the Spark computation engine. Apache Spark is mainly
used to improve the performance of SPARQL query evaluation over big RDF
data [31].

SPARQLGX [60] uses a vertical partition approach, where the triples are
partitioned according to their predicate values. The query evaluation is performed
by initially filtering the triples matching a query triple, in each segment, and
then, by applying a sequence of join operations through a query plan which is
generated according to predefined statistics.

S2RDF [113] also proposes a vertical-like partitioning, called Extended Verti-
cal Partitioning (ExtVP), which is based on semi-joins reductions (i.e., a certain
number of semi-joins are applied between the vertical partitioning tables and
their results are materialized for improving the overall performance). To evaluate
queries over ExtVP, an approach of applying a certain partitioning of the query
triples (in order to achieve parallel/local computation) and utilizing Spark SQL
is followed.

HAQWA [44] proposes a hash-based partitioning over the subject values of
the RDF triples. This ensures local computation of subject-centric star queries (a

subclass of generalized star queries). To extend the supported queries, the query
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is decomposed into subqueries and missing triples of each subquery are replicated.
The overall computation process is managed through a Spark application.

The authors in [89] analyze the query evaluation plan of a BGP expression
on Spark and proposes a joins plan for efficiently evaluating BGPs over a large
RDF graph. Considering an initially hash-based partitioning of the data (e.g.,
the triples are partitioned by their subject), the authors propose a hybrid
method to find a query plan. The approach uses a cost-driven combination of
partitioned/cascade and broadcast joins over Spark.

Apart from the previous approaches, it’s worth mentioning the approaches
S2X [109], Spar(k)ql [59] and [76], which focus on evaluating SPARQL queries
using the Spark GraphX library. Sparklify [IT19] applies a SPARQL-to-SQL
rewriter for translating SPARQL queries into Spark executable code.

In [64], a property table scheme is built on top of HBase storage system
and a vertical partitioning scheme on top of Cassandra storage system. Query
processing is based on SPARQL query translation to SparkSQL for both HBase

and Cassandra storage schemas.

9.2.3 Using NoSQL Databases

As mentioned in the previous sections, there are multiple approaches that use
NoSQL platforms to store RDF data and answer SPARQL queries. In the
context of MapReduce and Spark-oriented query evaluation approaches (see
previous sections), we discussed several approaches utilizing such systems. In
this section, we extend this analysis by analyzing similar approaches, where the
query execution layer is more bound to the underlying systems used [74].

The distributed systems Rya [104], AMADA [34], MAPSIN [I10] and Cumu-
lusRDF [78] use NoSQL [47] databases to store RDF data and provide efficient
query processing using three different indices SPO, POS and OSP (S for subject,
P for predicate and O for object values). More specifically, Rya use Apache
Accumulo [2], AMADA use Amazon DynamoDB [1], MAPSIN Apache HBase
and CumulusRDF Apache Cassandra [3]. MAPSIN (Map-Side Index Nested
Loop Join) joins are performed in the map phase, so shuffle and reduce phase are
not required. The proposed algorithm is optimized for the efficient processing of

multiway joins.
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9.2.4 Other Distributed Query Evaluation Engines

In this section, we present additional approaches that propose distributed eval-
uation frameworks that do not utilize any particular distributed processing
engine.

EAGRE [132] uses a key-value storage layer to store the data in a distributed
manner and an I/O efficient strategy for efficient SPARQL queries using specified
solution sequence modifier evaluation. METIS is used in EAGRE to find a proper
data partitioning scheme. In [I01], the data graph is also partitioned using
METIS tool but the approach is based on the partial evaluation and assembly
framework [70] and not to the query decomposition into smaller subqueries.
gStore-D [I34] is a distributed RDF management system that adopt partial
evaluation and assembly strategy.

The problem of finding an effective query decomposition approach has also
been investigated in the context of multi-query optimization in federated RDF
systems. Particularly, [99] proposes a cost-driven method to distributively
evaluate queries in a federated system. The approach identifies the common
subgraphs of an initially-given set of queries, and decomposes the queries into a
set of subqueries, taking into account the data availability of each source. Then,
using a source topology graph, a query plan is constructed and distributively
evaluated.

Partout [52] uses a workload partitioning method based on query logs. The
partition takes care properties which are queried together. RDF-3x is used for
RDF storage and query processing in the nodes. In WARP [65], a workload-
aware partitioning and replication method is used. This approach is based on
the directed 2-hop replication partitioning method and extends it with data
replication, taking into account frequent queries. The data is stored in RDF-3X,
on each node, and query processing is performed by a dedicated processing layer
which utilizes the data partitioning. SPARTI [83] uses the SemVP partitioning
schema which extends the vertical partition with row-level semantics based on
the join patterns found in the query workload. The query evaluation is also
performed through a custom, dedicated processing layer which exploits the
underlying partitioning approach. In [126], a path partitioning technique is
proposed partitioning initial data into multiple path preserving data focus on
complex SPARQL queries.

Query evaluation based on partial results is presented in [I00]. The suggested

method extends [I0I]. Partial results are compressed into a compact data
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structure and then all the partial results are merged together to form the final
results. The size of the query and the partitioning of the graph affects the
communication cost of the partial results. Moreover, optimization based on the
communication of the variables internal candidates is presented.

AdPart [32], is a distributed in-memory RDF engine. Subject hash parti-
tioning strategy is used for data partitioning and the query processing takes
advantage of the data locality in order to minimize the communication cost.
Furthermore, AdPart monitors the query workload and incrementally redis-
tributes parts of the data that are frequently accessed by frequent patterns. By
maintaining and indexing these patterns, many future queries are evaluated
without communication. The adaptivity feature of AdPart complements its
excellent performance on queries that can benefit from its hash-based data
locality. Frequent query patterns that are not favored by the initial partitioning
(e.g., star joins on an object) can be processed in parallel due to adaptivity.

Adaptive Hashing (AdHash) [63] is another distributed in-memory RDF
engine that initially distributes triples by hashing on their subjects for maximizing
the number of joins that can be executed in parallel without data communication
for the common star queries. Then data triples redistributed based on the
workload.

In DiploCloud [127], semantically related data is stored together to minimize
internode operations. Molecule clusters, template lists, and a molecule index are
used as data structures. Molecule clusters are a type of property table, while
template lists store literals in lists.

In JARS [I05] distributed RDF storage system, data is hashed twice based
on the subject and object. Relation database is used for data storage and query
processing is based on SPARQL to SQL transformations. Each triple is stored
twice, with all the triples that have the same subject or object, to be placed
together on the same machine. The database in each machine contains two
tables, one for the triples with the same subject and the other for the triples
with the same object. Data partition provides the ability star and simple chain
SPARQL queries to be executed locally.

DREAM [62] does not partition the data graph but stores the entire dataset
on each cluster node. The initial query is decomposed into many subqueries
based on a query planner and each subquery is executed into a separate node.
RDF-3X is used for data storage on each node.

ScalaRDF [66] is another distributed and scalable RDF triple store based

on in-memory key-value store. Data placement and elastic resource scale out/in
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is based on a protocol that extends the consistent hashing protocol. ScalaRDF
supports updating operations.

Trinity. RDF [I31], is a distributed, memory-based graph engine based on
Trinity [22], a distributed in-memory key-value store, that stores RDF data in
its native directed graph form and supports more advanced graph analytic on
RDF data. Two different key value pairs data model are used to store nodes,
according to the number of their neighbors. In case the nodes have few neighbors,
a random partitioning is used which is based on the sharding that is supported
by the underlying key-value store. Otherwise, the partitioning is optimized
to overcome the network communication cost. Query processing is treated a
sequence of patterns instead of matching single patterns independently to reduce
the join cost.

It’s worth mentioning an approach for transforming SPARQL queries into
Apache Flink [4] programs for querying RDF data [40]. Apart from the translation
approach, the authors in [40] provides a set of formal definitions of Apache Flink’s
subset transformations. The semantic correspondence between Apache Flink’s

subset transformations and the SPARQL Algebra operators is also presented.
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Chapter 10

Conclusions

Since the amount of linked data is rapidly increasing, the efficient querying of
large amount of data becomes a significant challenge. In this Ph.D. thesis, we
proposed a family of algorithms for querying large amount of linked data in a
distributed environment, such as the World Wide Web.

The general idea behind these algorithms is as follows:

e the data graph G is decomposed into a set of (possibly overlapping)
data graph segments stored in different nodes of a cluster of commodity

computers.

e the query graph Q is also decomposed into a set of (possibly overlapping)

subqueries.

e Subqueries are applied to each data graph segment, in isolation, and

intermediate results are computed.

e The intermediate results are appropriately combined to obtain the answers

of the query Q.

At first we proposed a general algorithm called QEJPE-algorithm which computes
partial embeddings of subqueries of a query @ over data segments of a decom-
posed data graph G and combining these partial embeddings to obtain (total)
embeddings of the initial query @ in the data graph G. QEJPE-algorithm com-
putes the answers to a given query correctly, independently of a) the data graph
decomposition, b) how graph segments are stored, c) the query decomposition,

and d) the algorithm used for calculating (partial) results.
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Then we developed the algorithms called eval-STARS and QE-with-Redundancy
algorithms which are based on a) query decompositions which produce subqueries
of special forms (with or without replication of query triples) (eval-STARS and
QE-with-Redundancy algorithms) and b) decompositions of the data graphs in
which replication is allowed in data graph segments in such a way that answers
to a the special form of queries, can be obtained from a single data segment.
(QE-with-Redundancy algorithm)

The proposed algorithms are independent on the way the data are stored as
well as of the particular implementation of the query evaluation. Finally, we
proposed a specific implementation of the proposed algorithms, using MapReduce
framework.

Extended experimental evaluation exhibited that all algorithms scale well in
terms of a) the number of compute nodes; i.e., the execution time is decreasing
by increasing the number of compute nodes and b) the size of the data graph;
i.e., the amount of the data in each dataset is doubled, the growth rate of the
execution time remains less than 100%.

The last approach is based on the idea that RDF data can be efficiently stored
on a document database through partitioning the overall data-graph into star
segments. The proposed data partitioning approach ensures high-performance
query answering for a wide sub-class of queries, called generalized star queries.
We also proposed a document-oriented data model for storing effectively the data
graph in a distributed document database in order to utilize the distributed query
processing mechanism of such systems. MongoDB is used as a representative
NoSQL database for implementing our approach. The class of generalized star
queries extends the conventional star queries, which are extensively investigated
in the related literature, so that both subject-object and object-subject edges
are allowed in the queries. The efficiency of the approach is based on the feature
that no joining operations are required between different data collections in order
to completely evaluate a generalized star query over each data record/segment,
and the segments could be evenly distributed in multiple cluster nodes. Our
approach is then extended to support the evaluation of general BGP SPARQL
queries. The evaluation of these queries is based on the fact that every BGP
query can be decomposed into a set of generalized star queries which can be
evaluated independently of each other (and in parallel), and then the results
of this evaluation can be appropriately combined to get the answers of the
initial BGP query. Experimental evaluation shows also that our last approach

is scalable in terms of the size of the data graph and efficient in the query
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evaluation.
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W3C
WwWw
SW
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RDF
RDFS
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RIF
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IRI
URL
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BGP
DAG
LOD

World Wide Web Consortium
World Wide Web

Semantic Web

Extensible Markup Language
Resource Description Framework
RDF Schema

Web Ontology Language

Rule Interchange Format
JavaScript Object Notation
Uniform Resource Identifier
Internationalized Resource Identifier
Uniform Resource Locators
Hypertext Transfer Protocol
Basic Graph Pattern
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Linked Open Data
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