NATIONAL AND KAPODISTRIAN UNIVERSITY OF ATHENS

SCHOOL OF SCIENCES
DEPARTMENT OF INFORMATICS AND TELECOMMUNICATIONS

MSc THESIS

View Materialization Alternatives in Property-Graph
Databases

Konstantinos N. Plas

Supervisor: Yannis loannidis, Professor at NKUA

Co-Supervisors: Theofilos Mailis, Postdoctoral Researcher at NKUA
Manolis Koubarakis, Professor at NKUA
loannis Kotidis, Associate Professor at AUEB

ATHENS
APRIL 2024



EONIKO KAI KAMOAIZTPIAKO NMANEMIZTHMIO AOGHNQN

2XOAH OETIKQN ENIZTHMQN
TMHMA NMAHPO®OPIKHZ KAI THAENIKOINQNIQN

AINAQMATIKH EPTAZIA

EvaAAakTikéG YAoTroinong Opewyv og Baoeig Asdopévwy
MpapnudaTwyv

KwvoTavrivog N. MNMAag

EmBAéTwyv: TNavvng lwavvidng, Kabnyntig EKIMA

ZuveTrifAéTTovreg: Oed@IAog MdiAng, MeTadidakTopikog Epeuvntig EKIA
MavéAng Kouptrapdkng, Kabnyntig EKIMA
lwdvvng Kwridng, AvatrAnpwtrg Kadnyntrg OMNMA

AOHNA
ATMPIAIOZ 2024



MSc THESIS

View Materialization Alternatives in Property-Graph Databases

Konstantinos N. Plas
S.N.: 7115112200025

SUPERVISOR: Yannis loannidis, Professor at NKUA

COSUPERVISORS: Theofilos Mailis, Postdoctoral Researcher at NKUA
Manolis Koubarakis, Professor at NKUA
loannis Kotidis, Associate Professor at AUEB

THESIS COMMITTEE: Yannis loannidis, Professor
Manolis Koubarakis, Professor
Alex Delis, Professor



AINAQMATIKH EPTAZIA

EvaAAakTikéG YAotroinong Owewv o€ Baoeig Aedouévwy IMpapnudtwy

KwvoTavrivog N. MNMAag
A.M.: 7115112200025

EMNIBAENQN: Tidvvng lwavvidng, Kabnyntig EKMA

ZYNEMIBAENONTEZ: 0Og6¢@iAhog MdiAng, MetadidakTtopikog Epeuvntig EKIMA
MavéAng Kouptrapdkng, Kabnyntig EKMA
lwdvvng Kwrtidng, AvatrAnpwtn¢ Kabnyntig OMNA

EZETAZTIKH EMITPOMNH: Tavvng lwavvidng, Kabnyntng
MavoéAng Kouptrapdkng, Kabnyntng
AAEgng AeAng, Kabnyntig



ABSTRACT

Graph Database Management Systems (GDMSs) have gained significant popularity due
to their inherent capability to represent information from diverse domains in the form of
graphs. GDMSs facilitate the representation of data related to social networks, chem-
ical compounds, and knowledge graphs, utilizing nodes, edges, labels, and properties.
GDMSs that adhere to a native graph storage model demonstrate exceptional efficiency
in both data storage and response to traversal queries within graph databases. Never-
theless, a challenge emerges when handling complex analytical queries within these sys-
tems, necessitating the development of novel techniques to accelerate their execution.

In this study, we tackle the issue of view materialization to expedite analytical-query an-
swering in property-graph databases. More specifically, our focus is on identifying the
types of views that should be materialized to accelerate the execution of queries featuring
recurring patterns. We introduce various view alternatives to augment our initial graph and
provide query rewriting techniques for responding to upcoming queries using these pre-
computed views. Our research centers on the characteristics of recurrent patterns within
the query workload and explores the relationship between view characteristics and query

types.

To examine the aforementioned correspondence, we have built a prototype system that
identifies query patterns using frequent pattern mining techniques while employing vari-
ations of the Knapsack problem to select the best views for a query workload.

Our experimentation underscored the underperformance of subgraph materialization, the
prevailing view type in GDMSs, across various query types. However, by introducing
alternative approaches, we achieved a remarkable enhancement of up to 4.45 times in
query execution efficiency and over a 2x reduction in storage costs. This suggests that
adopting a more flexible view and indexing model can yield significant improvements in
performance and storage efficiency.

SUBJECT AREA: View Materialization

KEYWORDS: graph databases, query optimization, view selection, view materializa-
tion, knowledge graphs



NEPIAHWH

Ta cuothupata dlaxeipiong Badoewv OedOPEVWV YPAPNUATWY £XOUV QTTOKTAOEI ONUAVTIKA
ONMOTIKOTNTA AGYW TNG EYYEVOUG TOUG IKAVOTNTAG VA AVATIOPIOTOUV TTANPOYOPIES aTTO OIA-
POPOUG TOMEIG hE TN HopPN Ypdewyv. Ta cucThuata diaxeipiong Badoewv dedouEvwy ypa-
PNUATWY OIEUKOAUVOUV TNV avatrapdoTacn OEQONEVWY TTOU OXETICOVTAI JIE KOIVWVIKA Oi-
KTUd, XNUIKEG EVWOEIG KAl YPAPOUG YVWOoNG, XPNOIMOTTIOIWVTAG KOUPBOUG, OKUEG, ETIKETEG
Kal 1016TNTES. Ta ouoTtriuaTta diaxeipiong PAcewyv dedOPEVWV YPAPNUATWY TTOU OKOAOU-
Bouv éva eyyevég HOVTEAO ATTOBRKEUONG YPAPWYV ETTIOEIKVUOUV EEQIPETIKY ATTOOOTIKOTNTA
T600 O0TnV aTToBAKeUon OedONEVWY OO0 Kal OTAV OTTOKPION O€ ETTEPWTAMATA dIdoXIoNG
Méoa o€ Baoeig dedouEvwy ypagwy. MNapdAa autd, TTPOKUTITEI Jia TIPOKANCT KATA TO XEl-
PIOCHO OUVOETWY AVAAUTIKWYV ETTEPWTNUATWY, YEYOVOG TTOU KABIOTA avayKaia TNV avaTrtugn
VEWV TEXVIKWV YIA TNV ETTITAXUVON TNG EKTEAECHG TOUG.

21NV TTapouca PEAETN, AVTIMETWTTICOUME TO {ATNUA TNG UAOTTOINONG OWEWV YIa TNV £TTITA-
XUVOon TNG aTTdvTnong avAAUTIKWV-EPWTNUATWY O€ gyyeveic BAoelg dedouévwy ypapnua-
TwvV. Mo ouyKekpIPéva, E0TIACOUPE OTOV TTPOCDIOPIOUO TWV TUTTWV OWEWV TTou duvarTal va
UAOTTOINBOUV VIO VA ETTITAXUVOUUE TNV EKTEAEON ETTEPWTNHUATWYV TTOU XAPAKTNPifovTal aTTd
emavoAapBavopeva potifa. MNapouoidloupe dIAPOPES EVOANOKTIKEG OWEIG YIa TNV BEATI-
waon Tou apxIKoU Pag ypd@ou Kal TTapEXOUME TEXVIKEG avadlaTUTTWOoNG EPWTANATWY Yia
TNV ammdvTnon o€ ETTEPXOMEVA ETTEPWTAMATA PE TN XPFON QUTWY TWV TTPO-UTTOAOYIOUEVWV
TTPoBOoAWYV. H £peuvd pag ETTIKEVIPWVETAI OTA XOPAKTNPIOTIKA TWV ETTAVOAAUBAVOUEVWY
MOTIBwVY EVTOC TOU POPTOU EPYATIAC TWV ETTEPWTNNATWY Kal SIEPEUVA TN OXECN METAEU TWV
XOPAKTNPICTIKWY TWV OWEWV Kal TWV dia@opwV TUTTWV EPWTNHATWY.

MNa va egeTdooupe TNV TTPOAVOPEPBEIcA AVTIOTOIXiA, KATAOKEUACAUE Eva TTPWTOTUTTO OU-
OTNUA TToU avayvwpiel JoTifa eTTEPWTNUATWY XPNOIKNOTTOIWVTAG TEXVIKEG £E0PUENG OU-
XVWV PoTiBwy, evw TTapdAAnAa xpnoiyotrolei Tapallayég Tou TTpoBAAuaTog Knapsack
yIa va ETTIAEEEN TIG KAAUTEPES OWEIG yia Eva OEOOUEVO POPTO EPYQTIAC ETTEPWTHHATOGC.

Ta TeIpAUATA JOG UTTOYPAMKIoAY TNV UTTOATTOd00N TOU ETTIKPATECTEPOU TUTTOU OYEWYV O€
ouoTAuaTa dlaxeipiong PACEwWV BEBOUEVWV YPAPNUATWY, 0€ dIAPOPOUS TUTTOUG ETTEPW-
TAMNATWYV. ElocGyovTag eVOAANGKTIKEG TTPOCEYYIOEIG, ETTITUXOUE WIa agloonuEiwTn BeATiwon
€wg Kal 4,45 opég oTnV aTTod0TIKOTNTA EKTEAEONG ETTEPWTNUATWY KaI TTAVW ATTO 2 QOPES
MEiwon Tou KOoTOUG atmoBrikeuons. Auto uttTodnAwvel OTI N UI0BETNON €VOG TTIO EUEAIKTOU
MOVTEAOU OWEWV KaIl EUPETNPIOCNG UTTOPEI VO ATTOPEPEI ONPAVTIKEG BEATIWOEIC OTNV ATTO-
000N TWV ETTEPWTNUATWY KAl TNV ATTOdOTIKOTNTA TNG ATTOBNKEUONG TWV OYEWV.

OEMATIKH MEPIOXH: YAotoinon dwewv

AEZEIZ KAEIAIA: Bdocic dedopévwv ypa@nudaTwy, PBEATIOTOTTOINON £pWTNUATWY,
eTmIAOYN OYWewv, uAoTToinon OYWEwWV, ypaeriuaTa yvwaong
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View Materialization Alternatives in Property-Graph Databases

1. INTRODUCTION

In recent years, there has been a significant surge in both scientific and industrial in-
terest in graph-database management systems. Facebook, Twitter, Google, and oth-
ers [91, 19, 65], have transitioned from using traditional relational databases to adopt-
ing graph-database systems and analytics. These companies utilize graphs to represent
and elucidate the intricate relationships and interactions within their user bases, with their
graphs encompassing billions of users, each corresponding to a node, and ftrillions of
edges representing their relationships [91, 19, 65, 72]. This abstract representation of
human relationships, while inherently limited, has proven to be of immense value in char-
acterizing social connections. Alongside the aforementioned use in social networking,
graph databases offer solutions for various industrial information systems. In the model-
ing of chemical compounds, datasets like PubChem [48] contain more than half a million
graphs, and ChEBI contains a similar number [25]. Graph databases find further applic-
ations in software development and debugging [54], similarity searching in medical data-
sets [74], and recommender systems [37]. Another significant application where graph
databases excel is in the domain of Knowledge Graphs (KGs), which are collections of
interconnected and annotated entities. KGs such as DBpedia [27], Yago [86], Google’s
KG [81], and Microsoft’s Satori [76] reach tremendous scale.

1.1 Graph-Database Management Systems

Graph-Database Management Systems focus on storage and querying tasks where the
priority is on high-throughput and transactional operations. They use property-graph struc-
tures for semantic queries with nodes, edges, and properties to represent and store data.
Systems such as Neo4j [67], OrientDB [71], Sparksee [82], JanusGraph [38], Arango-
DB [7] and BlazeGraph [13] represent and process information based on the property-
graph model. An alternative graph data model is based on Resource Description Frame-
work (RDF), that allows the structuring of information in the form of triples, which consist
of three components: the subject representing the entity which the statement is made;
the predicate specifying the triple relationship; and the object representing the value or
target of the triple statement. Systems such as Virtuoso [92], Stardog [85], Fuseki [30],
and AllegroGraph [4], represent and process information based on the RDF model.

1.2 Native Graph Database Systems

Native graph database systems, which construct the physical storage of the graph model
from the ground up, employ diverse techniques to optimize node traversal. By utilizing
direct edges or analogous linking structures, these systems enable highly efficient graph
traversals. With the ability to navigate through the graph structure by simply following
edges, GDMS eliminate the necessity for intricate indexing operations. However, GDMS
of this nature may not efficiently handle analytical queries that require aggregating inform-
ation from various nodes within the property graph.

Example 1. The datalog query in Formula 1.1 that seeks information about the married
couples who have acted together in the movie ‘Eyes Wide Shut’ can be answered very
effectively. The query planner will first locate the corresponding movie based on its title

K. Plas 13



View Materialization Alternatives in Property-Graph Databases
and then search for the couples within the movie.

Q(ula u2) <_(upb Umr up?)a (upla Vactl, umv)a (up27 Vact1, umv)7
Married(v,,, ), ActedIn(v,q1 ), ActedIn(v,eqs), (1.1)
= (Upy title, ‘Eyes Wide Shut’)

The analytic datalog query in Formula 1.2, which seeks information about all married
couples who have starred together in movies and the total number of these movies,
presents a more complex challenge. The query planner must first explore all potential
married actor couples and then utilize the underlying physical graph model to identify the
movies in which they have co-starred.

Q(ula U2, Count(umv)) <_(up1> Umr, U'p2)a (upla Vactl, umv)v
(up27 Vactl, Umv)y Marrled (Umr>7 (1 2)
ActedIn(vae ), ActedIn(vaers)

The query seeks triangle relations involving two actors and a movie. This query may
appear either as a standalone question or as part of a more complex query. It's important to
note that this is a challenging question that has been extensively analyzed in the literature.
In fact, if |G| represents the size of our graph database, the corresponding problem exhibits
a data complexity of |G|% as discussed in previous works [5, 69]. If we assume that a small
proportion of node pairs within the graph satisfy the given query and can be identified
accordingly, we can significantly reduce much of the previously mentioned overhead.

1.3 View Selection in Graph Databases

An effective approach to enhance query performance in (graph) databases is view mater-
ialization. This involves the creation of a suitable set of precomputed results for a given
(graph) database and query workload, with the aim of improving the efficiency of analyt-
ical queries. Query acceleration is achieved by identifying commonalities among analytical
queries in the query workload. Precomputing these results minimizes the execution cost
of existing or future queries w.r.t. to a cost function (e.g., query evaluation time, storage,
and subexpression maintenance costs), under a set of constraints (e.g.,space budget).
I's important to note that the problem of view selection differs in property-graph data-
bases, where information is stored as nodes and edges. In such cases, it is not feasible
to materialize tubular stored query results.

Kaskade [22] is the first system to materialize views for property-graph databases. It accel-
erates query answering in the context of property-graph databases under the assumption
that each materialized view is a graph on its own. The latter approach, though it allows
a clear distinction between the initial graph and its corresponding views, may induce a
higher storage cost since the initial graph and its corresponding views contain redundant
information. In this paper, we explore the different alternatives for materializing views by
considering the structural elements of a property-graph database, i.e., nodes, edges, la-
bels, and properties. Our work emphasizes the individual characteristics of the frequent
query patterns that need to be materialized, considering materialization alternatives and
best practices in relation to the characteristics of these frequent patterns.

K. Plas 14
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1.4 Contributions

Our main contributions in the domain of view materialization for property graph databases
are summarized as follows:

» View Materialization Strategies. We analyze different view strategies for query answer-
ing and show that, depending on the characteristics of the query pattern, the features of
the property-graph database, and the characteristics of the corresponding answer set, a
different strategy maybe be optimal among the view materialization alternatives. In this
context, we examine view materialization strategies for various query characteristics such
as acyclicity, the existence of edge-paths, as well as the existence of aggregate functions
in the head of the query.

» Query Rewriting. For each strategy, we describe its corresponding query rewriting w.r.t.
multiset semantics. We allow rewritings that are based on homomorphisms or isomorph-
ism. It should be noted that isomorphism is a weaker form of homomorphism and we
employ it in order to ensure sound rewritings for multiset semantics.

» System building. On the basis of the various materialization strategies and their cor-
responding rewritings, we build a view selection and query-rewriting system. Our system
is based on existing work on frequent query pattern analysis within a query workload. It
allows to represents a complicated query workload in a compact form and based on it
creates the candidate views. To find the most beneficial set of view to materialize, we
consider reduction to various knapsack variations and the available greedy strategies for
solving them.

» Experimental Evaluation. The experiments conducted evaluate Neo4j's performance
on various datasets and workloads, focusing on query execution time improvement and
storage cost for each view alternative. Utilizing the GSpan algorithm, different minimum
supports were applied to generate view candidates, revealing varying efficiencies across
datasets. Results indicate subgraph materialization, which is commonly used in the literat-
ure, is not the most performant in most query types, while node labels consistently emerge
as the most cost-effective option. Notably, answer-set hyperedges excel in reducing re-
quired rows for query execution. Our storage cost analysis showcased that subgraph
materialization is, in most cases, the most expensive solution. We also explore the ef-
fectiveness of lazy indexing, presenting significant efficiency gains in execution time and
storage space.

»Lazy View Materialization. We suggest a lazy materialization strategy, that incorporates
all view related information into our corresponding graph on query-execution time. Thus
an view is materialized only when we need to answer to a query that will be employing the
corresponding view. This strategy allows to incorporate the materialization step into the
execution step.

»Path Queries. For the rewriting of path queries, we consider various optimizations
related to the length of the materialized path. I.e., whenever the a path of length between
k and [ is asked, we will consider various lengths that will accelerate the execution of the
path query.

K. Plas 15
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1.5 Structure

The rest of the paper is structured as follows: In Section 2 we provide some preliminary
definitions. In Section 3 we analyze the various alternatives for views and indexes, as well
as the query rewriting methods applied to each alternative. In Section 4 we provide an
explanation of the view selection problem, different view selection algorithms and present
the lazy view optimization. In Section 5 we perform an experimental evaluation of our index
and view materialization alternatives. Finally, Section 6 presents the current literature on
view materialization, while Section 7 summarizes the paper and mentions directions for
future work.
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2. PRELIMINARIES

Initially, we will present some preliminary definitions to formalize the view selection prob-
lem on a graph-database.

2.1 The Property Graph Data Model

In this section we will define the semantics of the property-graph data model. Our property
graph semantics are based on the work of [6, 29]. We will employ datalog notation to
represent a theoretical model for query representation. The datalog model we present has
analogous semantics to the abstract language described in [6] as well as the language of
Cypher [29].

211 Property Graph

For the set of labels L, the set of properties P, and the set of values V' a property graph
isatuple G = (N, E,p,\,0) where:

1. N is a finite set of node (vertices);
2. FE is a finite set of edges such that £ had no elements in common with N;

3. p: E — (N x N) is a total function that associates each edge in E with a pair of
nodes in N;

4. \: (N UE) — 2V is a total function that associates nodes and edges to a, possibly
empty, set of labels from L;

5.0 : (NUFE)xP — Vis a partial function that associates nodes and edges with
properties, and for each property it assigns a single value from V.

Given two nodes ny,n, € N and an edge e € F, such that p(e) = (nl,n2), we will say that
ny and ny are the source node and the target node of e respectively, i.e., Source(e) = n;
and Target(e) = ns.

2.2 Conjunctive Queries

In order to query our property graph, we assume the set of variables X and Y that are
disjoint with N (nodes), E (edges), L (labels), P (properties), and V' (values). We will call
variables in X node and edge variables, they are used to represent nodes or edges in
the context of a conjunctive query. We will call variables in Y edge-path variables, they
are used to represent paths of arbitrary length in the context of a conjunctive query. An
edge-path variable in Y has the form of 4, ,, with m,n € N and is used to represent a chain
of £ unknown edges for some m < k < n. The function Vars(expression) returns the set
of variables appearing in an arbitrary expression.
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2.21 Edge Atom

For the variables u, v, w € X, the atom (u, v, w) represents all edges in the queried property
graph. The variable v represents the corresponding edge, with u representing its source
node and w representing its target node.

2.2.2 Edge-Path Atom

For the variables u,w € X and the edge-path variable v, , € Y, an edge-path atom has
the form of (u, 4, ,,w) where 4, , represents a chain of edges with u representing the
source node of the first edge and w representing the target node of the last edge.

2.2.3 Label Atom

For the variable = € X, representing a node or an edge in the queried property graph and
the label | € L, the label atom i(z) indicates that the variable z is labeled with . For a
vector variable 4, , € Y representing a chain of unknown edges, the atom (¢, ,) indicates
that all the edges represented via v, , are labeled with .

2.2.4 Value-Predicate Atom

For the set of values V, a binary value predicate p corresponds to a subset of V2. l.e., if
V' corresponds to the set of natural numbers, the binary predicate > contains every pair
x,y € Nsuch that z > y.

When considering a variable x € X, which represents either a node or an edge, the
notation x.p refers to the assigned value of property p € P on the specific node or edge
represented by z. A value-predicate atom has the form p(sy, s2) where p is a binary value
predicate and si, sy are either property values or values in V. E.g., the value-predicate
atom = (u.name, ‘John’) will ask for the nodes or edges within the graph that are named
as John. In the case that the value-predicate atom has the form of p(u.p;, w.p;), we call
the value-predicate atom a theta-join.

2.2.5 Conjunctive Query

For the variable vector & the body atoms a,, as, ..., a, representing node-labeled, edge-
labeled, property-path, and value-predicate atoms, a conjunctive query for our property
graph is an expression of the form:

q(Z) «—ay Nag A\ ... Nay (2.1)

The atom ¢(Z) is called the head of the query, the conjunction of atoms its body, while
each variable appearing in the head of the query should also appear in its body: Vars(z) C
Vars(aq,as,...,a,). The variables appearing in X are called bound variables, while non-
bound variables are called free. It should be noted that all vector variables are free.

In our work, we will examine various categories of queries, such as acyclic queries and
Free-connex queries. Queries of this particular type have properties that we can leverage
to make more efficient view materialization choices.
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2.2.6 Acyclic Query

A conjunctive query of the previous form is considered acyclic if its corresponding undir-
ected graph, constructed from edge and edge-path atoms, contains no cycles.

2.3 Query Answering

We now provide the semantics of our datalog queries.

2.3.1 Atom satisfaction

Given an atom « and an assignment 6 that maps the variables in Vars(a) to the nodes and
edges N U E in our property graph G = (N, E, p, A, o), the variable assignment 6 satisfies
the atom a when:

l. @ is an edge atom of the form (u, v, w) and the following apply: 6(v) € E; 0(u),0(w) €
N ;and p(v) = (0(u),0(w)).

Il. ais alabel atom of the form i(z) and [ € A(0(x)).

lll. a is an edge-path atom of the form (u, v, ,, w) and the following apply: (i) 6(¥,..) =
(e1,...,ex) forsome m < k < nwithey,..., e, € F; (ii) Target(e;) = Source(e; 1) for
all 1 <i <k —1; (iii) Source(e;) = 0(u); (iv) Target(ex) = 0(w).

For the special case of an edge-path atom (u, v ,, w), a variable assignment ¢ such
that 6(vp,,) = () and 6(u) = 6(w) = n for some n € N also satisfies the atom.

IV. ais avalue-predicate atom p(s;, s2) and the following apply: (i) s; is either some value
71 € V, or some property value x;.p; of a node or an edge such that o(0(x1),p) = 7;
(ii) s, is either some value 7, € V, or some property value z,.p, of a node or an edge
such that o(0(z2),p) = m; (iii) p(71, 7o) applies.

2.3.2 Solution

A variable assignment 6 is a solution to a conjunctive query when it satisfies all the atoms
in the body of the query.

2.3.3 Answer
For the vector of variables X = (x,z,,...,2;) appearing in the head of the query in
Formula 2.1, the constant vector (ay, as, ..., ax) = (0(x1),0(x2),...,0(zx)) is an answer to

the query when there exists some 6 that is a solution to the query. For multiset semantics,
the answer (ay, as, . . ., a;) has a multiplicity of m when the corresponding query has exactly
m solutions # whose domain contains exactly the variables appearing in the body of the

query.
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2.4 Aggregate Conjunctive Queries

Suppose that I is the set of aggregate functions. An aggregate function takes as input a
multiset S of values and returns a single value that may or may not belong to the multiset.
E.g., given the multiset of integers S = {1, 2, 3, 3,5}, the aggregate function Avg will return
their average value Avg(S) = 2.8

2.41 Aggregate Conjunctive Query

For (i) the conjunction of atoms B; (ii) the variables x4, ..., z; € Vars(B) A X representing
nodes or edges; (iii) the variables x4, . . ., z,,, € Vars(B)AX representing nodes or edges;
(iv) such that {z1,..., =} and {z4,...,z,} are disjoint sets; (v) the aggregate functions

Y1, ...vm € I'; (vi) and the properties py.1,...,pn € P an aggregate query has the form:

Q(Ila ceey Ty VI(ZEk—&-l‘pk—i-l)a s 7fym<xm-pwl)) +~— B (22)

x1,...x; correspond to the grouping variables of the query and x4, ... z,, correspond to
the aggregate variables of the query. An exception to the previous syntax, is the Count(-)
aggregate function. We may allow a head atom of the form Count(z) for some = € X
representing either a node or an edge.

2.4.2 Answer

Given the query @ in Formula 2.2 and it's corresponding set of solutions ©. Suppose that
O is the set of solutions to the query in Formula 2.2. We say that two solutions ¢; and

0, agree on the grouping variables, 0; ~ 0, when 0,(z;) = 05(z;) forall i € {1,... k}.
Based on the ~ relation between solutions, we define equivalence classes in © . Each
equivalence class ©’ C O corresponds to the answer of (a4, ..., a, axs1, ..., ay) such that

l. fori € {1,... k} it applies a; = 0(x;) forall§ € © . Il. for j € {k+ 1,...,m} it applies
a; = v;(S;) where ; is the aggregate function on the ;" variable and S; is the multiset
8j = {6(x;)|0 € O}.

2.4.3 Note on Aggregate Functions and Edge Paths

The presence of an edge-path atom of the form (u, ¢, -, w) in the body of a query may
result to an infinite number of solutions w.r.t. to the aforementioned semantics. E.g.,
suppose that we have the conjunctive query:

q(u, sum(w.age)) < (u, V1 00, w), (u.id = 12345)

asking for the transitive closure of the friends of some person and the corresponding sum-
mation of their ages. The existence of cyclic paths in our property graph, indicates that
there exist an infinite number of solutions for the latter query and that the summation on
age would be co. To handle this abnormality, we need to enforce a finite number of solu-
tions. A straightforward way to accomplish is by assuming that each solution  maps path
variables only to acyclic paths within the graph. A simpler to implement solution would be
to consider semantics such as the multiplicity of 1 is assumed for each answer between
the source and target node of an answer to an edge-path atom.
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2.5 Native Graph-Databases Management Systems

The view and index alternatives that we examine in this paper focus on the problem of
view selection for Native Graph-Database Management Systems (GDMS). A native graph
database management system is a type of database management system specifically
designed to store, manage, and query property graphs.

2.5.1 Native System Architecture

A graph database management system can be characterized as native, when the system
is built from scratch to accommodate graphs as stated by Lissandrini et al. in [53], to fa-
cilitate a direct linkage between the logical graph model and the physical graph storage.
Native graph database systems, like OrientDB or Neo4j store the nodes and edges as
separate record files with node and edge records maintaining direct links to other node
or edge records accordingly. System’s like Neo4j or TigerGraph [89] also employee a
property called index-free adjacency. A GDMS utilizes the latter property when each node
maintains direct references to its adjacent nodes. Thus, for each node, there is a constant
time O(1) enumeration delay of all its adjacent nodes. This results in two facts: (i) Each
node acts as a micro-index, which is much cheaper than global indices. (ii) Query times
are independent of the total size of the graph, they are proportional to the amount of graph
searched. Sparksee, is a high performance native graph database, which employees mul-
tiple , seperate data structures to store and interlink the nodes and edges. one structure
for objects, both nodes and edges, two for relationships which describe which nodes and
edges are linked to each other, and a data structure for each attribute name [53]

2.5.2 Non-native GDMSs

It's worth noting that there are also GDMSs that are not native, meaning they are built on
top of existing database technologies, such as relational databases or key-value stores,
and provide graph-like functionality through additional layers or extensions. In [53], these
systems are described as hybrid graph databases, demonstrating superior performance
over native graph databases in limited scenarios. However, since the view and index
alternatives we examine rely on the distinct properties of native graph databases, our
emphasis will be on analyzing their performance on native graph databases. Nonnative
GDMSs use (global) indices to link nodes together. These indices add a layer of indirection
to each traversal, thereby incurring greater computational cost. Popular Non-native graph
databases are ArangoDB [7], BlazeGraph [13], Sqlg [83]. Non-native graph databases
have also been developed in academic settings, as is the case with the efficient open-
source graph database MillenniumDB [93].

2.5.3 Indexing in GDMSs

Native and non-native GDMS systems provide various index alternatives. An index is a
data structure that improves the speed of data retrieval operations on the cost of addi-
tional writes and storage space to maintain the index data structure. Traditional graph
databases allow token lookup indices based on node and edge labelling: node indices
allow to efficiently locate all the nodes of a specific label; edge indices allow to efficiently
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locate all the edges of a specific label. Graph-databases also provide other type of in-
dices, e.g., single-property indices on nodes or edges. Most mainstream graph database
systems, such as Neo4j, utilize conventional B+ trees for indexing. OrientDB offers the
flexibility to create hash indexes alongside SB-Tree, an indexing algorithm based on the
B-tree structure. ArangoDB employs a variety of indexing methods, including hash in-
dexes, skiplist indexes, and node or edge-specific indexes. Additionally, most modern
GDMS also incorporate support for full-text search indexes.

2.6 View Selection

We now provide some definitions related to the view-selection problem.

2.6.1 Materialized View

A view is a stored query, while a materialized view is the result set of the stored query on
a specific database instance.

2.6.2 Query Rewriting

Two queries are equivalent if they have the same answer set for every possible data-
base. A query ' is a rewriting of ) that uses the views V = {V;,...,V,,} if Q and
are equivalent and Q' contains one or more occurrences of materialized views in V. A
rewriting function Rwrt(Q), V) takes as input the query @ and rewrites it to an equivalent
query " = Rwrt(Q,V) using views from V. A rewriting function Rwrt is optimal when
there exists no other rewriting Q" of @@ such that Cost(Q”) < Cost(Q’), with Cost being the
function that maps a query to its estimated execution cost. Levy et al. [52] prove that for
the conjunctive queries @ and W, there is a rewriting of @) using W iff my(Q) C my(W) i.e.,
the projection of () onto the empty set of columns is contained in the projection of 1/ onto
the empty set of columns (the projections my(Q), m4(1V') are actually Boolean conjunctive
queries).

2.6.3 Rewriting Benefit

The degree of benefit of a rewriting function to a query @ w.rt. to a set of views V is
defined as
Bnft(Q,V) = Cost(Q) — Cost(Rwrt(Q,V)). (2.3)

We also denote with Bnft(Q, V) the benefit of a set of views V' to a query workload Q. Itis
obvious that the benefit depends on the adopted cost model.

K. Plas 22



View Materialization Alternatives in Property-Graph Databases

3. RELATED WORK

View materialization techniques have been extensively studied by the data-management
community in the context of multiple-query optimization, Semantic Web & graph data sys-
tems, and data warehouses that are used to accelerate On-Line Analytical Processing.

» Multiple-Query Optimization. The view-selection process for the multiple-query optim-
ization problem identifies the appropriate views that will be used for answering to a given
set of queries. [79] studies the problem of multiple-query optimization providing its sys-
tematic analysis and considering global access plans that access subqueries. [78, 63]
examine algorithms for multi-query optimization by selecting materialized views and in-
dexes based on the Directed-Acyclic-Graph representation of the query plan to identify
common subexpressions. [3] describe as system for view and index selection that in-
corporates several heuristics for pruning the space of possible view configurations. [99]
present an efficient solution for the problem of common subexpression identification by
introducing a light-weight mechanism, called tables signatures, for identifying shareable
subexpressions.

[20] formalize the view selection problem and provide a lower Exp and an upper 3Exp
bound for it. [43] devised an approximation algorithm that runs in time quadratic to the
number of common subexpressions and provide theoretical guarantees on the quality of
the solution obtained. [40] focus on the problem of subexpression selection, i.e., comput-
ing the subexpressions of a query that are most beneficial to be materialized and reduce it
to the bipartite graph labeling problem, and integrate their implementation into the Cloud-
views system [41].

A different methodology for solving the multiple-query and the view selection problem
has been presented by [10, 18] that employ evolutionary techniques such as genetic al-
gorithms. An overall analysis of the view selection problem has been presented by [59].

Our approach differs from previews view-materialization approaches since it allows to plug
in various subgraph mining & forecasting solutions in order to predict the graph-patterns
that will appear in future queries. It takes advantage of the graph-nature of knowledge-
graph queries that allows to employ pattern-mining and forecasting techniques.

»Semantic Web & Graph Data Systems. Much research effort has been invested in
the development of scalable centralised or distributed triple stores, techniques for index-
ing KGs and for processing queries. Among the centralised approaches, native triple
stores like Jena [60], Sesame [16], HexaStore [96], SW-Store [1], MonetDB-RDF [80],
RDF-3X [68], and BitMat [8] have been carefully designed to keep up pace with the
growing scale of RDF collections. Systems like TriAD [34], RDFox [66], H-RDF-3X [36],
EAGRE [98] implement various optimizations for the distributed execution of joins.

View materialization techniques have recently gained attention by the Semantic Web com-
munity and graph data systems. In [26], an approach for the materialization of shortcuts
that reduces the execution cost of path queries is suggested. In [31], a different materializ-
ation strategy where an initial query workload W is transformed to a set of simpler views V
along with a set of rewritings is presented. In [73], a strategy that caches SPARQL-query
results and uses them to rewrite queries is studied. Caching strategies for graph query
processing have been studied in [95, 94]. The caching algorithms in [73] and [95, 94] are
based on finding subgraph-isomorphisms between incoming and cached queries. The
approach in [73] is based on a canonical labelling algorithm, while [95, 94] adopt a filter
then verify strategy where candidate graphs for isomorphism are filtered out based on cer-
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tain features and then the actual test for isomorphism is performed. Finally, [61] studies
the creation of an indexing structure that classifies triples based on the properties of their
subjects and objects.

For a detailed analysis of Knowledge Graphs such that of DbPedia, the reader may refer
to the existing bibliography. The query workload of DBPedia is studied in [75] and an
analysis of the different operators that appear within DBPedia queries is performed. For
various workloads, the structural characteristics related to the graph representation of
queries are studied in [15], along with the evolution of queries over time. Finally, a study
of the Wikidata knowledge graph is presented in [58].

» Data Warehouses. View-selection techniques have been studied for data warehouses
and problem of online analytical processing. Several early techniques were proposed
including AND/OR graphs [33], modeling the problem as a state optimization [88], and
lattices to represent data cube operations [35, 49, 64], while the problem of view manage-
ment has been also studied for decentralized OLAP applications using blockchains [62].
It should be noted that the problem of view materialization for data warehouses has dif-
ferent objectives targeting the improvement of Roll-up, Drill-down, and Slicing & Dicing
operations.
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4. VIEW-MATERIALIZATION STRATEGIES

In this section we focus on the candidate views for view materialization. l.e., given a
graph database G, what are the materialization alternatives that we should consider (Sec-
tion4.1). Then, for each materialization alternative, we will investigate how our initial query
will be rewritten (Section 4.2). In our experimental evaluation (Section 6), we decide on
the materialization alternative that are the most beneficial for our underlying system and
the corresponding characteristics of individual queries.
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Figure 4.1: Frequent-Query Pattern Figure 4.2: Graph Database G

4.1 View Candidates

Given the frequent query pattern of P within the query workload of Q and a graph database
G, we want to examine all the view alternatives that can be inferred depending on the
characteristics of the query pattern. l.e., given a query workload of Q, the query pattern
of P represented as a set of atoms involves operations that are being repeated during the
execution of multiple queries. Our purpose is to materialize the result of these operations
in order for them to be reused for existing and upcoming queries.

For traditional relational databases, a view is a stored query, while a materialized view
is the result set of the stored query on a specific database instance. It should be noted
that for graph databases materialized views can only be represented via the various com-
ponents available on a property graph database, i.e., labels, properties, nodes, edges as
well as their corresponding indexes. Thus we employ the term view materialization when
introducing new labels, properties, fresh nodes, edges, as well as their corresponding
indexes.

4.1.1 View Alternative

We will now examine alternative materialization strategies w.r.t. the graph-database set-
ting. In the context of our work, we assume: (i) The property graph of G = (N, E, p, A\, 0);
(i) a frequent query-graph pattern P, (iii) and its corresponding query representation
namely:

QPI qP(f)(—Bp (41)
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A variation of the previous query is one containing aggregate functions in its head. In
Section 5.2 we will show how to determine the body, as well as the head of a frequent
query-graph pattern P that is derived from an existing query workload.

We will now analyze different indexing strategies, that will allow to accelerate the execu-
tion of the query graph-pattern of Qp, i.e., strategies that are based on the introduction
of information that restricts the exploration for query answering on specific parts of the
graph database. Additionally to creating the corresponding views for our property-graph
database, we create a rule set 9k that allows the more efficient rewriting of queries using
views.

4.1.2 Node Labels as Views

A view materialization strategy that creates one or more labels for the nodes that are part
of an answer to a query for P. To be more specific, for some node-variable » appearing
in Bp we could introduce a fresh label Ind for the answer set of the query of:

Vi * Ind(w) < Bp (4.2)

For every solution ¢ : Vars(P) — N, the node 6(u) will be labeled with |4 and indexed
accordingly by the underlying GDMS.

For every node-label atom [(u) appearing in Bp, we will add in %R the datalog rule that
the label of |4 implies the label of I: i.e., | q(z) — I(x). Additionally, for every value-
predicate atom of the form p(u.p, 7), for some 7 € V we add into 2R the following rule

Ing() = pp, 7).
(ns : Inp1)

eg: 1
vy ol

@6 : {Inp1, lND2D
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Figure 4.3: Node Labels as Views

41.3 Edge Labels as Views

A view materialization strategy that creates one or more labels on the edges that are
part of a solution for the query of P. For some edge atom a; = (u,v,w) in P such that
u,v,w € X is a variable representing an edge we may create the fresh label 'edge and
the corresponding index that identifies the edges that satisfy the atom and are also part
of an answer to:

V|edge : Iedge(v) + Bp (4.3)

For each solution 6 to the previous query, the edge corresponding to 0(v) will be labeled

with 'edge and indexed accordingly.
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As before, for every edge-label atom [(v) in Bp, we will add in R the rule: 'edge(aj) — I(x).

We also add the corresponding rules for value-predicate atoms. For every node-label
atom [(u) appearing in Bp with u corresponding to the source node of v, we will add in
R the datalog rule: Iedge(v), (u,v,w) — l(u). We also add the corresponding rules for

value-predicate atoms as well for the target node.
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Figure 4.4: Edge Labels as Views

€5Zl1

We will now examine view-materialization strategies that create additional nodes and
edges in the property graph of G.

4.1.4 Answer-Set Hyperedges as Views

A materialized view that introduces and labels a directed-hyperedge between the nodes
of each answer/solution to the query of Q)p. A hyperedge, in contrast to an ordinary edge,
is one that connects any number of nodes. Since most native graph-databases do not
directly support hyperedges, we can represent them using a bipartite graph [70]:

Assuming that all bound variables are node variables, for each answer ¢ to the query in
Formula 4.4 (the variables in ¢ are the node-variables appearing in the head of the query
in Formulae 4.1):

Vans : Qans(g) «— Bp (4.4)
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Figure 4.5: Answer Set as View

To represent our view: (i) we introduce in NV a fresh node « representing each answer;
(ii) for the i node ¢; in &, we add a fresh edge ¢, in E such that p(e;) = (a, ¢;); (iii) the fresh
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edge ¢; is associated to the value of i via the fresh property of pgnsr, i-€., Pansr(e:)) =
i; (iv) for multiset semantics, we additionally store the multiplicity of the corresponding
answer via a fresh property on each node-for answer «; (v) in the case that the query
contains an aggregate function in it's head, we additionally store the aggregate value via
a fresh property for each aggregate function appearing in the head of the query.

4.1.5 Materialized Paths

A materialized view that introduces new edge labels between pairs of answer tuples to a
property path query. In contrast to the strategy of edge labels (Section 4.1.3) this approach
introduces edges and the corresponding labels between nodes that may not be previously
connected via an edge. For the edge-labeled path (u, ¢}, ,, w), its label (¥, : [) in Bp,
and the query:

for each solution ¢ , we (i) add the fresh edge ¢’ in E; (ii) extend p such that p(¢/) =
(0(u),0(w)); (iii) and add a corresponding label 'pth for the specific view;

The introduction of fresh edges between nodes may also be used for the following cases:
(i) a fresh edge, may be used to materialize a view representing a hyperedge of the pre-
vious case with an arity of two. (ii) a fresh edge, may be used to materialize a view
representing explicit #-join operations on value predicate atoms.

Finally, we examine materialization strategies that assume that the materialized view cor-
responds to a fresh graph G’, isomorphic to a subgraph of our initial graph G.

612l1

€9 : lz €3 : l3

es : Iy

Figure 4.6: Path as View

4.1.6 Subgraphs as Views

A materialized view, that stores a subgraph, i.e., a set of nodes, edges, labels, and prop-
erty values corresponding to the pattern of P. l.e., given the graph of GG, and the smallest
subgraph Gp of G such that Qp(Gp) = Qp(G) . By subgraph, we mean the subset of the
nodes, edges, labels, and property values needed to get the same result for the query of
Q) p. The materialized view Gy, is actually the a copy of the corresponding subgraph.

An extension of the previous approach assumes that we should explicitly keep track of
the corresponding subgraph isomorphism. A straightforward approach to keep track of
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the subgraph isomorphism is by introducing a key property (if there is none) that will allow
to move between the two property graphs, i.e., the originating property graph of G and the
view of Gy,. Thus, the node v’ in Gy corresponds to the node v in G if they have the same
value on the key property. If we have a query @ that is contained in V, by keeping track of
the isomorphism we can use multiple views to answer the query, or combine information

from both G and Gy, .

e1:l eg:lq

67:11

632[3 @

€2Zl2 68:l2 69:13

® &

Figure 4.7: Materializing Subgraph

We provide an example that illustrates the different materialization alternative.

Query or Pattern Type

View Type
Acyclic Cyclic Edge Path Aggregate
Node Labels v v - v
Edge Labels v v - v
Answer-Set Y Y Y Y
Hyperedges
Materialized Paths - - v -
Subgraph Y Y Y Y

Materialization

Table 4.1: Query Rewriting Alternatives

Example 1.

For the variable names w;, us, us, u4, U1 o, v2, v3 € X and the labels [;, l5, l5 € L we assume
the frequent graph-pattern query in Formula 4.6 where Bp is its corresponding body:

BP — (Ul, Ul,ooa U’Q)) (u27 Vg, Ug), (Ug, U3, u4)7 ll (171,00)7 lg(’l]g), l3(U3)

Qp : qp(ug,us) < Bp (4.6)
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The corresponding query is depicted in Fig. 4.1 and is applied to the graph database in
Fig. 4.2. We analyze each of the view-materialization strategies:

The paradigm of Strategy 4.1.2 in Figure 4.3 will create two node indices, represented via

the fresh labels | I to identify the nodes of GG that satisfy the following query:

nd:’ 'nds

|nd1(u1),|nd2(u2) < Bp (47)

The paradigm of Strategy 4.1.3 in Figure 4.4 will introduce the fresh edge labels |
and annotate the edges that satisfy the corresponding query results:

edge,’
IedgeQ’

ledgel(€1>7 |edge2(€2) < Bp (4.8)

A paradigm of Strategy 4.1.4 in Figure 4.5 will represent each answer of the query in For-
mula 4.6 by adding an additional node for each answer, the corresponding edges between
the new node and the parts of the graph database that constitute the answer, and the fresh
property values needed to represent multiplicity, or aggregate information. Therefore, for
each answer vector (n;,,n2;) € N x N to the query in Formula 4.6: we create the fresh
node of a; in N; we add the edge e, ; in £ such that p(e1 ;) = (a1, n1,); we add the edge e, ;
in £ such that p(es;) = (a1, n2,); we add the property value o(e; ;, pans) = 1 that indicates
that n,; corresponds to the first variable within the answer vector; we add the property
value o(es;, pans) = 2 that indicates that n,; corresponds to the second variable within
the answer vector; we add the property value o(a;, pmut) that represents the multiplicity
of the corresponding answer. Note, that this is the only strategy that only consider the
information in th head of the frequent query pattern and not only its body.

A paradigm of Strategy 4.1.5 is illustrated in Figure 4.6 where the fresh label of Ipth is cre-

ated to indicate the paths connecting answer nodes according to the query of Formula 4.6.
E.g., for each solution 6; to the query of

Ipth(u,w) <~ Bp (4.9)

we will create the fresh edge of ¢; € E such that p(e;) = (6;(u),0;(w)) and label it with
'pth . Additionally to the 'pth label, we explicitly keep track of the originating path’s length

range, i.e., the property prange : (1.00) indicates that the corresponding materialized edge
corresponded to a path of a length between 1 and co. For multiset semantics, we add
additional information representing the multiplicity of the path.

A paradigm of Strategy 4.1.6 is illustrated in Figure 4.6 where instead of introducing labels
and properties, or adding nodes and edges in the existing graph, the strategy assumes
only the vital parts of the graph that are necessary for query answering. It should be
noted that the available languages for querying property graphs cannot explicitly return
the actual path corresponding to a path variable, out materialized subgaph will contain
'pth labels according to the previous strategy.

4.2 Query Rewriting

We will now examine, depending on the available indices and materialized views, the
different rewriting strategies that can be applied. For set semantics, in order to rewrite a
conjunctive query based on a view, there need to exist a homomorphism from the view to
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the conjunctive query. For multiset semantics, a sufficient condition is to have a subgraph
isomorphism from the view to the corresponding query.

Given a conjunctive query of ), a view of V', with By, V,, being the bodies of the query
and the view, and an homomorphism or isomorphism h : Vars(V,) — Vars(Q). We now
analyze the rewriting strategy for each of the cases:

4.2.1 Rewriting using Node Labels

Suppose that we label each answer to the view-definition in Formula 4.2 with I,y and /4 is
the corresponding homomorphism from the view-definition in Formula 4.2 to the query of )
that needs to be rewritten. We rewrite the query of @ to Q" by adding the label I, 4(2(u)) in
its body. We need to remove every label atom /(h(u)) from @ when the rule |, 4(z) — ()
appears in R. Similarly we need to remove every value-predicate atom p(h(u).p, 7) when
the rule I,4(z) — p(z.p, 7) appears in RR. The corresponding rewriting allows to focus our
search into the parts of the graph that generate an answer.

4.2.2 Rewriting using Edge Labels

For edge labels, suppose that 'edge(”) is the head of the view as in Formula 4.3 and h

the corresponding homomorphism, we need to rewrite the Query of ) by adding the edge
label Iedge(h(v)) in the body of the rewritten query. We additionally need to remove all

the label or value-predicate atoms according to the rules in R, similar way as before.

4.2.3 Rewriting using Answer-Set Hyperedges

Suppose that our materialized view Vgng corresponds to the answer-set of the query in
Formula 4.4 and there exists a subgraph isomorphism . from the body of the view Vgns
to the body of the query () that needs to be answered. Let’'s assume that «(Vgns) is the
corresponding subgaph of () acquired via the isomorphism of .. We employ the subgraph
isomorphism « when all the free variables appearing in V' are mapped to variables in @
that do not appear outside (V). For the latter case, the rewriting Q' of @ is performed
as follows: (i) we consider the fresh node-variable u, ¢ Vars(Q); (ii) for the i*" variable w;
appearing in the head of V', we add the edge atom (u,., v;, h(w;)) in @’ for the fresh variable
v; € X \ Vars(Q); (iii) for the variable v, = h(v;) we add the predicate atom = (v..pansr, 7);
(iv) finally we remove the subgraph (V') of @ from @Q'. (v) In order to handle multiset
semantics, we need to adjust the multiplicity of each answer to @)’ by taking into account
the multiplicity of the view answer.

4.2.4 Rewriting using Answer-Set Hyperedges with Aggregate Operations

We now examine the case that the view Vgns, represented as a hyperedge, contains an
aggregate operation. For arbitrary aggregate operations in order for Vgns to be used for
answering the query of () also containing an aggregate operation, there needs to exist an
isomorphism between the two. The latter has been shown for relational databases [21]
and also applies for graph databases.
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4.2.5 Rewriting using Materialized Paths

Suppose that our materialized view thh corresponds to the answer-set of the query in
Formula 4.5 and there exists a subgraph isomorphism . from the body of the view thh

to the body of the query () that needs to be answered. The rewriting replaces each query
It should be noted, that we restrict our study on queries that do not contain consecutive
edge-path atoms that have the same path label. The rewriting of more complex queries
has been studied in [17].

4.2.6 Rewriting using Subgraphs as Views

For the case that our materialized view is the subgraph of the initial graph that corres-
ponds to the parts of the graph that are needed to find each and every solution, we once
again consider two cases. (i) for the first case, we assume that the query to create the
view and the asked query are equivalent; (ii) for the second case, we assume that the
two are isomorphic, but The first type of query can be directly answered by using the
graph corresponding to the materialized view. For the second type of query, we need to
fetch additional information from the initial graph (or another available view). Thus, we
need to keep track, i.e., by employing a primary key on existing nodes of the initial and
materialized-view graph, to be able to fetch additional information between the two.

Example 1. We examine the available rewritings based on our view alternatives, assum-
ing we have a query that is an extension of the one in Formula 4.6, e.g.:

Q' :  ¢(u2) + Bp A (ug,v4,us)

The body of the query is rewritten as follows for each and every view:

B’ :=(u1, V1 o0, U2), (ug, o, ug), (uz, v3, ug), (g, vy, us)
l(Uh,00), 12(U2)7l3<v3)|nd1(ul)a |nd2<u2)
B" :=(uq, U1 o0, u2), (uz, 2, u3), (ug, v3, uy), (uz, v4, us)
11 (T1,00), ledQGQ(UQ)’ |edge3(v3)
B" :=(uy, vi,us), (uz, va, u3), (uz, v3, us), (g, vy, us)
loth (v1), l2(v2), I3(vs)
B"" :=lans(n), (n,vn,,u1), (1, Uy, ta), (1, Uy, u3),
(12, Unyy Ua), (U2, Va5 U5), Lans, (Un, ), Lans, (Un, ),

lANSg (Ung ) y lANS4 (Un4)

For the case of the view being a materialized subgraph G’ of the initial graph of G, the re-
writing evaluates the actual query on the materialized subgraph. It should be noted that for
the query in Formula 1, the evaluation of Q" on G’ will actually produce an empty (incom-
plete) answer. For subgraphs as views, the cases that the rewritten query @’ produces a
complete answer are either the ones that () and Q" have isomorphic bodies, or the cases
that there exists a subgraph isomorphism from the body of )’ to the body of @.
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5. VIEW SELECTION & MATERIALIZATION

In Section 4 we studied indexing and view-materialization alternatives. In this section, our
focus will be on exploring the patterns that an algorithm designed for view selection takes
into account. By precomputing relevant query fragments based on these patterns, the
system accelerates subsequent query executions. Integrating view selection algorithms
with frequent patterns enhances query performance, reducing computational overhead
and ensuring responsive information retrieval.

5.1 Finding Recurring Patterns Within the Query Workload

Various methods have been proposed for finding recurring patterns within a query work-
load.

Several multi-query optimization algorithms rely on the properties of relational algebra,
that allow to rewrite a query in various equivalent forms. These techniques enable to
rewrite multiple queries in ways that reveal recurring patterns in them. For instance, if
we have the queries @), and (),, we can rewrite them to reveal the pattern of P by also
renaming the variable names if needed:

Q1 : C](U17w17w2) — (Ulﬂ)hwl) (U1,U2,w2)a l(vl)ul2( ) 3(w2)
QQ : Q(u,lvw/Dué) — (u/bvévw;) (uhUl?wl)v 1(”1) l2( ) 4(w/2>
P (U1,Ulaw1)>(ulavsz2) ( )752( )

Such techniques have been extensively employed in the domain of multi-query optimiz-
ation (e.g. [78, 63, 3]). Intuitively, if there exists a subgraph isomorphism between two
execution plans, there will also be a subgraph isomorphism between their corresponding
queries.

Various alternatives for frequent subgraph mining have been suggested to accelerate the
process of frequent pattern mining that introduce randomness into the process based on
genetic algorithms and random walks. Finally, datalog-based methodologies have been
suggested for finding frequent patterns within a query workload. These methodologies
employ datalog in order to reveal recurring patterns as well as for query rewriting. The
main advantage of these methodologies is that allow us to introduce complex rules in
our mining algorithm. Their main disadvantage is that they do not consider any specific
frequent subgraph mining optimizations inherent in the pattern mining process.

5.1.1 Our Approach

Our model is based on [56] that frequent pattern mining algorithms are directly applied
to a query workload of Q in order to identify recurring patterns as well as creating effi-
cient summaries of the initial workload that will allow to better identify the benefit of each
view. Intuitively, a summary Qg of the query workload of Q allows to efficiently compute
the benefit of a materialized view by examining the summary instead of the initial query
workload.

It should be noted that the focus of the paper is not on frequent pattern mining, rather
than what should be the characteristics of the selected views and indexes based on the
characteristics of the frequent patterns within our workload.
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5.1.2 Frequent Pattern Mining

The problem of frequent pattern mining is defined as follows [97]: “Given a graph data-
set, D = {Gy,Gy,...,G,}, Support(g) denotes the number of graphs in D in which g
is a subgraph. The problem of frequent subgraph mining is to find any subgaph g s.t.
Support(g) > minSup (a minimum support threshold).”

To find frequent query patterns within the query workload of Q = {Qo, @1, . .., Q,} we first
need to represent it in the form of a labeled graphs conforming to the definition in [97].
Thus, each query @; will be transformed as accordingly in order to represent for multiple
labels per node, as well as, node and edge properties.

5.1.3 Query-Workload Summary

Frequent query patterns play a dual role in the view selection process: they provide the
candidates for creating views and indexes but also allow our algorithm to represent in com-
pact form a query workload Q via a smaller multiset of frequent query patterns Qp. Thus,
instead of the initial workload Q we examine the workload of Qp that contains frequent
patterns along with a corresponding multiplicity corresponding to each patterns frequency.
For example, if we have the queries )1, Q-, . .. Q. and the pattern of ) » appearing in all of
them, we will employ the query @ » as their corresponding representative with a multiplicity
of k.

It should be noted that for the query patterns @p and @', such that the pattern of Qp
appears in 5, there is a need to adjust p’s multiplicity in our summary. Thus, if m(-)
returns the multiplicity of a query, we update the multiplicity of @ as follows m(Qp) :=
m(Qp) — m(Q%)!. The aforementioned adjustment ensures that a query that a frequent
pattern P appearing in the initial and the summarized workload, will have the same support
in both of them. To correctly adjust our summary in the case of multiple frequent patterns,
we need to build a hierarchy based on subgraph isomorphism and update it from top to
bottom.

5.2 View and Index Selection

Having defined the query rewriting process in Section 4.2, we proceed to designate the
view/index-selection methodology.

5.2.1 Cost Model

The purpose of view materialization is the reduction of the execution cost of a set of queries
Q. The execution cost of a query, Cost(Q), is determined by considering various aspects
such as: the number of disk accesses; the query execution time taken by the CPU; the
involved communication costs in distributed and parallel database systems. A database
cost estimation function, Cost‘(-),commonly known as a cost model, is a fundamental
component of a graph-database management system used to estimate the execution cost
of a specific query operation before it is actually executed. The main purpose of the cost

"It should be noted that in case m(Qp) = m(Q%), Qp is a closed pattern, that does not need to be
examined and represented within the summary
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model function is to approach the actual execution cost of a query so as to aid the query
optimizer in making decisions about the most efficient execution plan for a given query.

5.2.2 View Benefit

Given the query of ), the set of views V and the rewriting function of Rwrt(-,-) , Q" =
Rwrt(Q, V) is the rewriting of () using the views appearing in V. The benefit of rewriting the
query of () based on the views appearing in V, Bnft(Q, V), corresponds to the reduction in
the execution cost of the query, while the overall benefit for the query workload of Q using
the view appearing in V corresponds to the overall reduction of the queries in Q:

Bnft(Q,V) = Cost(Q) — Cost(Q")
Bnft(Q,V) = > Bnft(Q, V). (5.1)

QeQ

We will employ Bnft® instead of Bnft in order to denote that our view-selection process
employs the estimated and not the actual benefit of a query or a set of queries, i.e., the
benefit based on the Cost® estimation function.

5.2.3 View Selection

Given the query workload Q = {Q1, @2, ..., Qx}; asetof candidates views W = {V}, V5,...V, }
with their corresponding indexes; and a storage capacity of b: the view selection problem

is to find the subset V C W that requires a storage capacity less than b and benefits the
query workload Q the most.

In our implementation, when considering the benefit of a view V' (set of views V) to a
query workload Q, we employ the summary of the query workload based on the frequent
patterns within our workload (Section 5.1.3). The candidate views are derived from the
frequent patterns in P using the materialization alternatives presented in Section 5.1.3.

5.2.4 Knapsack

The 0-1 knapsack, is classic constraint optimization problem problem, which consists of
a set of items, each with a weight and a value. The goal is to determine the combination
of items to include in the knapsack that maximizes the total value, without exceeding the
weight capacity of the knapsack. In the 0-1 knapsack, each item must be completely
included in the knapsack or ignored.

The problem of view selection can be readily simplified to a 0-1 knapsack problem. As in
[22], the view selection problem can be formulated in the form of a 0-1 knapsack problem,
where the size of the knapsack is the space budget for the materialized views. The items
that we want to fit in the knapsack are the candidate views, the weight of each item is the
view’s storage cost, while the value of each item is the view’s benefit.

5.2.5 Maximizing a Set Function Subject to a Knapsack Constraint

We will now present the problem of Maximizing a Set Function Subject to a Knapsack
Constraint (MSFSKC) and showcase the reduction from the view-selection problem to the
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aforementioned knapsack variation.

5.2.6 MSFSKC

Let 7 = {1,2,...,n}; i € I and b be nonnegative integers; and f(-) be a set function.
MSFSKC is the following optimization problem:

max {f(S) > e b} . (5.2)

i€S

5.2.7 Reduction

We now identify the parameters of the reduction from the view-selection problem to MSF-
SKC. I. For the set of candidate views W <« {V, ..., V,} such that \W|= n, we define the
set of integers I := [1,n] and a bijection function Bi : I < W. For simplicity, fori € I
and V; € W we assume that Bi(:) = V;. Il. For each i € I we define ¢; = Strg(;) to be
the corresponding view’s storage space, i.e., the required storage for V;’s materialization.
[ll. Each subset S C I is mapped via the Bi function to a subset of the candidate indices
Y C W, by mapping each i € Sto V; € V. IV. For the corresponding subset, we define
f(S) to be the estimated benefit of the materialized views in V' to the query workload in Q,
i.e., f(S)=Bnft(Q,V). V. Finally, b is the available storage space for materialization. It is
straightforward to show that by solving the formula in 5.2 we acquire an optimal solution
for the view selection problem.

Algorithm 1 View Selection

1: function ViewSelection(StorageSpace b, CandidateView W, MaterializedView V)
2 W :={I € W :Cost(I) < b}
3 if W = () then return V
4: Omax =0
5: forall / € W do
6 g — Bnfto,vu{v})-Bnfto,v)
T Size‘(v
V)
7 if 0 > 0,,. then
8 Vi=V
9: Oox := 0
10: return ViewSelection(b — Cost(1), W\ {V;}, VU {V;})

5.2.8 MNssfKc with an Approximation Solution

Sviridenko proves that there exists a (1 — e~!)-approximation algorithm for maximizing
formula 5.2 when f(S) is a non-negative, non-decreasing, polynomially-computable, sub-
modular set function [87].

5.2.9 Properties

In order for the (1 — e !)-approximation to apply, there is the need for the Bnft® function to
be non-negative, non-decreasing, polynomially computable, and submodular. Bnft(Q, V)
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is: |. non-negative since every query @ is a valid rewriting of itself; Il. non-decreasing
since for the sets of views V C V', each rewriting of ) using V is also a valid rewriting of )
using V’; In order for the Bnft(f,u) nction to be polynomially computable , its corresponding
rewriting algorithm, i.e. Rwrt and cost mode, i.e. Cost, need also be of polynomially
computable.

5.3 Lazy View Materialization

We will now describe an optimization concerning the materialization of a selected index
after its selection. Specifically, a selected candidate index needs to be inserted into the
database in the form of a query, which might prove to be a costly operation when executing
a query perindex. However, this additional cost can be avoided by creating the given index
when answering a query that can be benefited from it. This lazy approach to the index
materialization fully utilizes the selected indexes, by executing queries that were going
to be ran against the database regardless of the indexing process and providing future
queries with the newly created index. This process can be formalized in the following
way: Given a selected index [, that can accelerate a set of queries Qx = {qx,, @ry, - Gk, }
that may be ran against the database in random order. The index can be implemented
into the database by its equivalent creation query ¢,. To avoid the execution cost of ¢,
and the redundant use of database resources we employ the following tactic: We discard
the query ¢, and wait for the first query in @), to appear. When a query ¢, 3Q);, is the first
query of @), to be executed, we augment it with additional information needed to create
the index I,. Subsequently, I, is materialized and all queries in ), can be benefited from
the new index.
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6. EVALUATION

6.1 Goal

The objective of our experimental evaluation is to analyze the efficacy of diverse mater-
ialization alternatives, focusing on different parameters of the view evaluation process.
Specifically, we compare various view-materialization alternatives with respect to: (i) the
inherent characteristics of the queries within the different query workloads; (ii) the features
encapsulated in the underlying dataset; (iii) the attributes inherent in different property-
graph databases; (iv) the efficiency of each view alternative concerning the designated
space budget. To ensure the thoroughness of our evaluation, we conducted a detailed
analysis of our view alternatives on many different datasets.

6.2 Experimental Setup

6.2.1 Methodology

For our testing scenarios, our application takes as input a knowledge graph G; a query
workload Q and produces candidate views V, by mining the most frequent patterns in
Q. The effectiveness of the candidate views in V' is then tested for all view alternatives,
comparing the query execution cost and storage cost between them.

The basic scenario we considered regarding the the storage of the knowledge graph G into
a graph database storage engine was the following: The triples representing the know-
ledge graph were stored into the Neo4j system with emphasis on maintaining their RDF
form. Specifically: (entity, type, class) are stored as node labels on the entity node, (en-
tity, relation, entity) are stored as Neo4j relationships, namely as edges between the two
entity nodes and (entity, property, value) are stored as a relationship of the given entity
node between a node containing the given value. Datasets such as Roadnet-USA, Live-
Journal, and Colours, which were initially not structured as knowledge graphs, underwent
a transformation process to be represented as such. Subsequently, the aforementioned
procedure was followed.

6.2.1.1 Property Graph Database Setting

We now analyze the Neo4j GDMS, as a representative of the native property graph data-
base systems:

6.2.2 Neodj

Neodj, a leading graph database, employs a native graph model that uniquely organizes
data into nodes, relationships, and properties. Nodes signify entities, relationships define
connections, and properties store key-value pairs, making Neo4j ideal for scenarios with
complex relationships, such as social networks or recommendation engines. The native
graph model, coupled with the expressive Cypher query language, enables fast graph tra-
versal and information extraction. With an emphasis in scalability and performance, Neo4j
is widely used in diverse industries seeking to utilize the benefits of native graph storage
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for applications involving complex data relationships. Additionally, Noe4j employees the
index-free adjacency property. A DBMS utilizes the aforementioned property when each
node maintains direct references to its adjacent nodes. This results in two facts:

» Each node acts as a micro-index, which is much cheaper than global indexes.

* Query times are independent of the total size of the graph, they are proportional to
the amount of graph searched

6.2.3 Hardware and memory

We deployed our implementation on a single system of 1 11th Gen Intel(R) Core(TM) i5-
11400 CPU @2.6GHz with 12 cores/20 threads per CPU and 24GB of main memory. The
DBMS used to store the data is Neo4j Community v4.4.30 database running on the same
computer.

6.2.4 Implementation Setup

We have implemented our algorithm in Java 17 using the Apache Jena 4.0.0 open source
Semantic Web framework [39] to parse SPARQL query workloads and translate them to
the equivalent Cypher queries. For efficiently, computing containment mappings from a set
of indexes I to an examined query, we have employed the MV-index structure introduced
in our previous work [57].

6.3 Datasets and Workloads

6.3.1 Datasets

To benchmark our methodology, we utilized a range of openly available datasets and query
workloads. Additionally, we created the Colours dataset for a more thorough experimental
evaluation of edge cases. These datasets include: (i) The DbPedia semantic knowledge
graph [23, 9]; (i) A combination of the BioModels and BioPortal datasets from the Bio2RDF
semantic knowledge graph [11, 12]; (iii) The generated Colours dataset that we created
to examine the scenario of cyclic queries with interleaved solutions.

6.3.2 Property Graphs

DbPedia and Bio2RDF are two large real-life knowledge graphs containing a multitude of
classes and complex schemata, that are both widely used and studied both in industrial
and academic settings. The DBpedia contains, in the form of an RDF graph, information
extracted from Wikipedia articles. Bio2RDF is an RDF dataset that constitutes the largest
network of linked data for the Life Sciences. Bio2RDF defines its knowledge graph from a
diverse set of heterogeneously formatted sources obtained from multiple data providers.
When translated into property-graph models, these datasets encompass a wide variety of
node labels and relationship types, leading to two substantial heterogeneous graphs.

In table 6.1 we present the statistics of the two datasets employed in our experimental
evaluation along with the generated Colours dataset. We showcase the number of nodes,
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edge, node labels and edge labels for each dataset. We also show the size on disk that
each dataset occupies. Entries with a star, denote that the dataset is generated.

Node Edge Size On
Labels | Labels | Disk

DbPedia | 132M | 730M 438 52k 114GB
Bio2RDF | 9.3M | 45.5M | 2227 1928 | 5.54GB
Colours * | 100k 500k 3 1 37.7MB

Table 6.1: Dataset Statistics

Dataset | Nodes | Edges

6.3.3 The Colours Dataset

Many of the real-world datasets we examined depict graph structures where two solutions
to a cyclic query do not interleave. This means that different solutions map the same edge-
atom of a conjunctive query to different edges in the actual graph. In these datasets, we
observed similar performance between edge-labels and answer-set hyperedges as views.
To explore the limitations of both techniques, we constructed an artificial dataset where
solutions to a simple conjunctive query, such as finding triangles, are interleaved.

The conjunctive query on which our generated dataset is based requests all triangles
formed by nodes labeled red, blue, and green:

Q(Uh U2mU3) — (Uh V1, U2)7 (U27 V2, Us)a (U37 Vs, ul)a

red(uy), blue(us), green(us).

(6.1)

For the dataset, we have the following features: each red node has k outgoing edges to
blue nodes; each blue node has k outgoing edges to green nodes; and each green node
has k outgoing edges to red nodes; each node appears in exactly £ solutions to the query
in Equation 6.1.

On the left-hand side, Figure 6.1 displays a generated dataset consisting of 90 nodes.
Each node has 4 outgoing (and 4 incoming) edges, appearing in exactly 4 solutions to the
query in Equation 6.1. On the right-hand side, Figure 6.1 displays its edge-labeled form,
where each edge-view is labeled with the same color as its corresponding source node.
When examining the dataset with edge-labeled views, starting from a red node, we need
to consider 4 red edges, 16 blue edges, and 64 green edges. In the general case that our
query represents a polygon with p sides and each node has k outgoing edges, we need
to examine O(kP~') edges for each node. In contrast, when using answer-set hyperedges
as views, we examine precisely the edges that constitute the corresponding solution.

6.3.4 Query Workloads

To test the efficiency of view and index alternatives we employed various real-world and
generated query workloads. For DbPedia we used a corresponding real-world query
workload [24], originating from queries on the DbPedia knowledge graph. For BioMod-
els+BioPortal we used the corresponding logs from a real-world query workload taken
provided by LSQ [84, 55].

Additionally, we had to generate the queries encompassing property paths and cycles for
both knowledge graph datasets. Regarding the Colours datasets, we constructed all query
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Figure 6.1: On the left-hand side: the generated-property graph corresponding to the case of
interleaved solutions for triangular queries. On the right-hand side: its corresponding
edge-labeled views.

categories outlined in Section 4. This decision stemmed from the absence of real-world
query workloads for the Colours dataset, since it was internally designed by our team.
Table 6.2 displays the statistics for the query workloads employed in our experiments,
including the counts of acyclic, cyclic, and edge path queries. Entries marked with a star
indicate generated queries.

Dataset | Acyclic | Cyclic | Edge Path
DbPedia 1.2M 120k* 112k*
Bio2RDF | 1.5M 104k* 13.5k*
Colours 26k* 64k* 52k*

Table 6.2: Query Workload Statistics

6.4 Experiments

6.4.1 View Efficiency on Different Query Types

In our first set of experiments, we study the performance of Neo4j on the datasets and
workloads discussed in the previous section. We examine, for various types of queries,
the improvement in query execution time and the total storage cost required for each view
alternative. We measure query-response times based on the rows needed to be collected
from the database for the query to be completed.

6.4.2 Evaluation Parameters

To explore varying candidate patterns for materialization within each dataset, we employed
the GSpan frequent pattern mining algorithm, adjusting the minimum support (minSup)
accordingly. Specifically, for DbPedia, we set minSup to 500, for BioModels + BioPortal
it was 150, and for the Colours dataset, it was 100. Consequently, this yielded 658 view
candidates for DbPedia, 250 for BioModels + BioPortal, and 13 for the Colours dataset.
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6.4.3 Comparison of View and Index Alternatives

We now examine the quality of the candidate views and indexes by generating for each
pattern all possible view and index alternatives, rewriting the query patterns in all possible
alternatives, for each query type.

In figure 6.2, we compare the execution costs of all the different view alternatives for each
of the four query types as discussed in Section 4, for the DbPedia dataset and workload.
The x-axis represents the rows needed to be collected from the database for the query
to be completed, while the y-axis represents the query type. It can be observed that
subgraph materialization outperforms all other alternatives in all cases but the Acyclic
queries, where the edge label indexes were 18.51% faster. Additionally, our observations
indicate that node labels consistently underperformed across various cases where they
were applicable. Particularly notable was their performance in Cyclic queries, where 3x
times more rows collected from the database were required to answer the query, than the
second worse alternative.

Total Rows

Acyclic Cyclic Edge Path Aggregate
Query Type

Figure 6.2: DbPedia Views Alternatives

In figure 6.3, we depict the same experiment conducted on the Bio2RDF dataset and
workload. Notably, our observations revealed that subgraph materialization consistently
ranked as the least effective method across most query types. Conversely, the most effi-
cient alternative proved to be answer-set hyperedges, showcasing a substantial reduction
in required rows compared to subgraph materialization, ranging from 0.5x to 4.45x fewer
rows needed to answer the query. Additionally, it's noteworthy that for edge path queries,
materialized paths emerged as the most efficient alternative, exhibiting a 35.12% improve-
ment in performance over the answer-set hyperedges alternative.

le6

Acyclic Cyclic Edge Path Aggregate
Query Type

Figure 6.3: Bio2RDF View Costs
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In figure 6.4, we present the results of the experiment conducted on the Colours gen-
erated dataset and workload. Our observations indicate that across acyclic queries and
aggregate queries, all view alternatives exhibited similar performance, with a slight edge
in efficiency noted for answer-set hyperedges. However, when it comes to cyclic quer-
ies, subgraph materialization significantly underperformed, with the reification alternat-
ive demonstrating a 58.82% increase in efficiency compared to subgraph materialization.
Conversely, for edge path queries, subgraph materialization emerged as the most efficient
alternative, with an 8% improvement over the reification alternative.
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Figure 6.4: Colours Views Alternatives

6.4.4 Storage Cost of View and Index Alternatives

We proceed to analyze the storage cost in bytes of the candidate views and indexes.
This calculation entails assessing the cost of each pattern by aggregating the node and
edge records inserted into the database and then multiplying them by their respective byte
sizes, as outlined in [77]. Infigure 6.5, we present a comparative analysis of storage costs
between view and index alternatives across various query types. The x-axis denotes the
total cost in bytes, while the y-axis represents different query types. It is evident that in
the majority of cases, subgraph materialization emerges as the most expensive solution
due to its requirement of creating a complete duplicate of all information in the result set,
encompassing nodes, edges, and properties. As anticipated for the Neo4j GDMS, the
Node Label index alternative proves to be the most economical across most scenarios,
exhibiting storage costs ranging from 2.5x to 2.9x less than the second-best alternative.
Particularly in the case of cyclic queries, subgraph materialization presents itself as the
most cost-effective solution, boasting a 2.5x reduction in storage costs compared to the
second-best alternative.
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Figure 6.5: DbPedia View Costs
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In figure 6.6, we illustrate the replication of the experiment performed on the Bio2RDF
dataset and workload. The findings were similar to those outlined in the DbPedia cost
section. Once more, node labels emerged as the most cost-effective option across all
applicable cases. Notably, in edge path queries, the answer-set hyperedges (reification)
proved to be the most economical alternative, boasting a remarkable 72.98% reduction in
cost compared to the runner-up alternative.
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Figure 6.6: Bio2RDF View Costs

In figure 6.7, we illustrate the replication of the experiment performed on the Colours data-
set and workload. The findings were again similar to those outlined in the DbPedia cost
section. Once more, node labels emerged as the most cost-effective option across all
applicable cases. However, in cyclic queries, the subgraph materialization proved to be
the cheapest alternative, with a 2x reduction in cost compared to the runner-up alternative
and a 5x reduction compared to the edge label and reification alternatives.
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Figure 6.7: Colours View Costs

6.4.5 Effectiveness of Lazy Indexing

Finally, we examine the proposed optimization method considering the materialization of
a selected index. For this experiment we used a test set of 1000 queries selected ran-
domly from the 62830 queries we used as our test workload, using the DbPedia dataset
and workload. In our experiments we compared the index creation and query execution
time of the aforementioned queries with and without the lazy index method. This optimiz-
ation method presented improved efficiency in execution time and storage space without
any significant trade-off. In Figure 6.8, the x-axis represents the indices selected and ma-
terialized, while the y-axis represents the overall elapsed time in minutes. In the Query
Execution and Index Creation indicate the elapsed time to complete the query execution
and index materialization into the database, respectively. Lazy Method represents the
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overall time passed for both the execution of the queries alongside the creation of the
indices as described in 5.3. From our experiments we discovered that the lazy method
enhances greatly the performance on time, since indices will only be created only when
needed. Additionally, storage space is saved, since indices that are never requested in
future queries will not be inserted into the database.

Query Execution [ Index Creation [l Lazy Method
125

100
75

50

Overall Time (mins)

25

9 21 39

Number of Indices

Figure 6.8: Lazy Materialization Performance in DbPedia
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7. CONCLUSIONS AND FUTURE WORK

In our work we studied a variety of view and indexing alternatives for native GDMSs.
We examined strategies for view and index materialization in graph databases (GDMS),
aiming to enhance query performance. We explored various materialization alternatives
based on query patterns, including node and edge labels, answer-set hyperedges, mater-
ialized paths, and subgraphs. Each strategy is analyzed in detail, considering their imple-
mentation and impact on query rewriting. Furthermore, we provided examples illustrating
the application of these strategies and their implications for query optimization. Addition-
ally, we discussed query rewriting techniques tailored to each materialization strategy,
emphasizing the importance of homomorphisms and subgraph isomorphisms for efficient
query processing. We investigated view selection algorithms and techniques, drawing in-
spiration from variations of the knapsack problem. Our exploration led us to consider how
the view materialization problem can be effectively framed and addressed as a form of
the knapsack problem. Finally, we consider a lazy index/view materialization strategy that
materializes structures during query execution and only if the corresponding structures
are being asked for at least one time. The latter optimization allows to avoid materializing
views based on patterns of a high expected number of appearances, that do never appear
in practice. Our experimentation underscored the underperformance of subgraph mater-
ialization, the prevailing view type in GDMSs, across various query types. However, by
introducing alternative approaches, we achieved a remarkable enhancement of up to 4.45
times in query execution efficiency and over a 2x reduction in storage costs. This suggests
that adopting a more flexible view and indexing model can yield significant improvements
in performance and storage efficiency.

In our future work we intend to study view-selection techniques for streaming graphs [2],
focusing on stream processing for Semantic Web applications [47, 45, 46]; as well as com-
plex event processing [50]. Furthermore, we aim to explore the applicability of view and
index selection techniques in geospatial knowledge graphs, such as those discussed in
works like [42]. Our goal is to enhance query performance in geospatial triple stores like
Strabon [51] or GraphDB [32] through such approaches, working with query workloads like
GeoQuestions1089 [44]. Additionally, we intend to integrate approximate counters [90]
into our index/view-selection methodology that will be used by our cost-estimation func-
tion and examine entropy-based techniques when computing the benefit of different view
alternatives [14]. Finally, we intend to generalize our work towards more sophisticated
pattern-mining methods for streaming-subgraph pattern mining (survey [28]).
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W3C World Wide Web Consortium

NKUA National and Kapodistrian University of Athens

DBMS Database Management System

GDMS Graph Database Management System

MNssfKc Maximizing a Nondecreasing Submodular Set Function
Subject to a Knapsack Constraint

BGP Basic Graph Pattern

EXP EXPTIME

SPARQL SPARQL Protocol and RDF Query Language

RDF Resource Description Framework

KG Knowledge Graph
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