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Abstract— Recently, the SPARQL query language for RDF with traditional engines, thus falling back on established
has reached the W3C recommendation status. In response to gptimization techniques implemented in conventional eeg
this emerging standard, the database community is currenyl As a proof of concept, most of these approaches have

exploring efficient storage techniques for RDF data and evala- b | d . IIv either i defined si
tion strategies for SPARQL queries. A meaningful analysis ad PE€€N evaluated experimentally either in user-defined scesna

comparison of these approaches necessitates a compreheesind 0n top of the LUBM benchmark [18], or using the Barton
universal benchmark platform. To this end, we have develop# Library benchmark [19]. We claim that none of these sce-
SP’Bench, a publicly available, language-specific SPARQL per- narios is adequate for testing SPARQL implementations in a
formance benchmark. SPBench is settled in the DBLP scenario general and comprehensive way: On the one hand, user-defined

and comprises both a data generator for creating arbitrarily large . . . . .
DBLP-like documents and a set of carefully designed benchmia ~ SCENarios are typically designed to demonstrate very Bpeci

queries. The generated documents mirror key characteristis and properties and, for this reason, lack generality. On theroth
social-world distributions encountered in the original DBLP data  hand, the Barton Library Benchmark is application-orielnte
set, while the queries implement meaningful requests on topf  while LUBM was primarily designed to test the reasoning
this data, covering a variety of SPARQL operator constellaions and inference mechanisms of Knowledge Base Systems. As a
and RDF access patterns. As a proof of concept, we apply . .
SP’Bench to existing engines and discuss their strengths and trade-off, in both benchmarks _Central ‘_S_PARQL operatoms lik
weaknesses that follow immediately from the benchmark redts. OPTIONAL and UNION, or solution modifiers are not covered.
With the SPARQL PerformanceBenchmark (SPBench)
we propose a language-specific benchmark framework specif-

. INTRODUCTION ically designed to test the most common SPARQL constructs,

The Resource Description Framework [1] (RDF) has bé&perator constellations, and a broad range of RDF data sicces
come the standard format for encoding machine-readapRiterns. The SiBench data generator and benchmark queries
information in the Semantic Web [2]. RDF databases cé€ available for download in a ready-to-use format.
be represented by labeled directed graphs, where each edde contrast to application-specific benchmarks?Béhch
connects a so-calleslibjectnode to arobjectnode under label aims at a comprehensive performance evaluation, rather tha
predicate The intended semantics is that thbjectdenotes assessing the behavior of engines in an application-driven
the value of thesubjects propertypredicate Supplementary to scenario. Consequently, it is not motivated by a single ase c
RDF, the W3C has recommended the declarative SPARQL 3]t instead covers a broad range of challenges that SPARQL
query language, which can be used to extract informati@igines might face in different contexts. In this line, ibals
from RDF graphs. SPARQL bases upon a powerful graj@ assess the generality of optimization approaches and to
matching facility, allowing to bind variables to componeit compare them in a universal, application-independeningett
the input RDF graph. In addition, operators akin to relaion\We argue that, for these reasons, our benchmark provides
joins, unions, left outer joins, selections, and projetti@an excellent support for testing the performance of engines in
be combined to build more expressive queries. a comprising way, which might help to improve the quality of

By now, several proposals for the efficient evaluation diture research in this area. We emphasize that such larguag
SPARQL have been made. These approaches comprise a vigecific benchmarks (e.g., XMark [20]) have found broad
range of optimization techniques, including normal fors} [ acceptance, in particular in the research community.
graph pattern reordering based on selectivity estimatjphs It is quite evident that the domain of a language-specific
(similar to relational join reordering), syntactic revimg [6], benchmark should not only constitute a representativessiten
specialized indices [7], [8] and storage schemes [9], ]}, that captures the philosophy behind the data format, bot als
[12], [13] for RDF, and Semantic Query Optimization [14]leave room for challenging queries. With the choice of the
Another viable option is the translation of SPARQL intdBLP [21] library we satisfy both desiderata. First, RDF has
SQL [15], [16] or Datalog [17], which facilitates the evaticm been particularly designed to encode metadata, which makes
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DBLP an excellent candidate. Furthermore, DBLP reflects 1. BENCHMARK DESIGN DECISIONS
interesting social-world distributions (cf. [22]), and rioe _ _
captures the social network character of the Semantic WebBenchmarking. The Benchmark Handbook [23] provides

whose idea is to integrate a great many of small databageSummary of important database benchmarks. Probably the
into a global semantic network. In this line, it facilitatége MOSt “complete” benchmark suite for relational systems is
design of interesting queries on top of these distributions TPC, which defines performance and correctness benchmarks

Our data generator supports the creation of arbitrarilgdar 0" @ large variety of scenarios. There also exists a broagera
DBLP-like models in RDF format, which mirror vital key of benchmarks for other data models, such as object-odente
characteristics and distributions of DBLP. Consequery, databases (e.g., 007 [24]) and XML (e.g., XMark [20]).
framework combines the benefits of a data generator forCOming along with its growing importance, different bench-
creating arbitrarily large documents with interestingadétat Marks for RDF have been developed. The Lehigh University
contains many real-world characteristics, i.e. mimicsursdt Beénchmark [18] (LUBM) was designed with focus on infer-
correlations between entities, such as power law disidhst €NCce and reasoning capabilities of RDF engines. Howewer, th
(found in the citation system or the distribution of papersPARQL specification [3] disregards the semantics of RDF
among authors) and limited growth curves (e.g., the inimgas @"d RDFS [25], [26], i.e. does not involve automated reagpni
number of venues and publications over time). For this reas8n top of RDFS constructs such as subclass and subproperty
our generator relies on an in-depth study of DBLP, whiciglations. With tr_us regard, LUBM does not constlt_ute an
comprises the analysis of entities (e.g. articles and asitho _adequate_ scenario for SPARQL performance evaluation. This
their properties, frequency, and also their interaction. is underlined by the fact that central SPARQL. operatorshsuc

Complementary to the data generator, we have d@s WNION and CPTIONAL, are not addressed in LUBM.
signed 17 meaningful queries that operate on top of theThe Barton Library benchmark [19] queries implement a
generated documents. They cover not only the most import&§€r browsing session through the RDF Barton online catalog
SPARQL constructs and operator constellations, but alsp vaY design, the benchmark is application-oriented. All deer
in their characteristics, such as complexity and resuét.sthe are encoded in SQL, assuming that the RDF data is stored in
detailed knowledge of data characteristics plays a cruolal @ relational DB. Due to missing language support for aggrega
in query design and makes it possib|e to predict the Ch%engion, most queries cannot be translated into SPARQL On the
that the queries impose on SPARQL engines_ This, in tur(ht’her hand, central SPARQL features like left outer JOlm’E(t
facilitates the interpretation of benchmark results. relational equivalent of SPARQL operatorr@ONAL) and

The key contributions of this paper are the following. solution modifiers are missing. In summary, the benchmark

« We present S¥Bench, a comprehensive benchmark foeffers only limited support for testing native SPARQL eregn

the SPARQL query language, comprising a data generatorThe application-oriented Berlin SPARQL Benchmark [27]
and a collection of 17 benchmark queries. (BSBM) tests the performance of SPARQL engines in a pro-

« Our generator supports the creation of arbitrarily largetypical e-commerce scenario. BSBM is use-case driven and

DBLP documents in RDF format, reflecting key charagdoes not particularly address language-specific issueh. it/i
teristics and social-world relations found in the originafocus, it is supplementary to the Eench framework.
DBLP database. The generated documents cover varioughe RDF(S) data model benchmark in [28] focuses on
RDF constructs, such as blank nodes and containers. structural properties of RDF Schemas. In [29] graph feature
« The benchmark queries have been carefully designel RDF Schemas are studied, showing that they typically
to test a variety of operator constellations, data accesshibit power law distributions which constitute a valuabl
patterns, and optimization strategies. In the exhaustibasis for synthetic schema generation. With their focus on
discussion of these queries we also highlight the specifichemas, both [28] and [29] are complementary to our work.
challenges they impose on SPARQL engines. A synthetic data generation approach for OWL based on

« As a proof of concept, we apply 8Bench to selected test data is described in [30]. There, the focus is on rapidly

SPARQL engines and discuss their strengths and weajenerating large data sets from representative data of d fixe
nesses that follow from the benchmark results. Thiomain. Our data generation approach is more fine-graised, a
analysis confirms that our benchmark is well-suited twe analyze the development of entities (e.qg. articles) tier

identify deficiencies in SPARQL implementations. and reflect many characteristics found in social commumitie
« We finally propose performance metrics that capture Design Principles.In the Benchmark Handbook [23], four
different aspects of the evaluation process. key requirements for domain specific benchmarks are pos-

Outline. We next discuss related work and design decisionslated, i.e. it should be (1jelevani thus testing typical
in SectiorJ). The analysis of DBLP in Sectiénllll forms theoperations within the specific domain, (@)rtable i.e. should
basis for our data generator in Sectiod IV. Secfidn V gives & executable on different platforms, &alable e.g. it should
introduction to SPARQL and describes the benchmark queriég possible to run the benchmark on both small and very large
The experiments in Sectidn Ml comprise a short evaluatiatata sets, and last but not least (4) it musubderstandable
of our generator and benchmark results for existing SPARQL
engines. We conclude with some final remarks in Se¢fioh VII. 2See http:/ivww.tpc.org.



) i | SIELEMENT dblp
For a language-specific benchmark, the relevance requiré (articlelinproceedings|proceedings|book]

ment (1) suggests that queries implement realistic reguest incollection|phdthesis|mastersthesis|www) *>

on top of the data. Thereby, the benchmark should ”°<t|E"zluTtlrm;gitc?thl%e|booktit|e|pages|year|address|

focus on correctness verification, but on common operator journallvolume|number|month|urilee|cdrom|cite|

constellations that impose partcular challenges. Famire, | JtbEteinostesemaressareolopter
two SPBench queries test negation, which (under closet-
world assumption) can be expressed in SPARQL through a
combination of operators EXIONAL, FILTER, and BOUND.

Requirements (2) portability and (3) scalability bring redo . THE DBLP DATA SET
technical challenges concerning the implementation ofiita ~ The study of the DBLP data set in this section lays the
generator. In response, our data generator is deternsinistbundations for our data generator. The analysis of frequen
platform independent, and accurate w.r.t. the desired afizedistributions in scientific production has first been diseus
generated documents. Moreover, it is very efficient andlgetsin [32], and characteristics of DBLP have been investigated
with a constant amount of main memory, and hence suppdfg22]. The latter work studies a subset of DBLP, restrigtin
the generation of arbitrarily large RDF documents. DBLP to publications in database venues. It is shown that

From the viewpoint of engine developers, a benchmafttis subset of) DBLP reflects vital social relations, fongni
should give hints on deficiencies in design and implementa-“small world” on its own. Although this analysis forms
tion. This is where (4) understandability comes into play,it Vvaluable groundwork, our approach is of more pragmatic
is important to keep queries simple and understandabléet Nature, as we approximate distributions by concrete fansti
same time, they should leave room for diverse optimizations We use function families that naturally reflect the scersario
In this regard, the queries are designed in such a way thgat tigeg. logistics curves for modeling limited growth or power
are amenable to a wide range of optimization strategies. €quations for power law distributions. All approximatidres/e

DBLP. We settled SBBench in the DBLP [21] scenario. been done with thezunzut data modeling tool and the
The DBLP database contains bibliographic information abog@inuplof curve fitting module. Data extraction from the DBLP
the field of Computer Science and, particularly, databases. XML data was realized with the MonetDB/XQuéngrocessor.

In the context of semi-structured data one often dis- An important objective of this section is also to provide
tinguishes between data- and document-centric scenari®§ights into key characteristics of DBLP data. Althoughsit
Document-centric design typically involves large amousits impossible to mirror all relations found in the original dat
free-form text, while data-centric documents are morecstruWe Work out a variety of interesting relationships, consiuig
tured and usually processed by machines rather than hum&sities, their structure, or the citation system. Theghts
RDF has been specifically designed for encoding informatid@at we gain establish a deep understanding of the benchmark
in a machine-readable way, so it basically follows the datgiueries and their specific challenges. As an exampig,
centric approach. DBLP, which contains structured data ahtBb: and@3c (see Appendix) look similar, but pose different
little free text, constitutes such a data-centric scenario ~ challenges based on the probability distribution of aticl

As discussed in the Introduction, our generator mirroral vitProperties discussed within this secti@i7, on the other hand,
real-world distributions found in the original DBLP datehi heavily depends on the DBLP citation system.
constitutes an improvement over existing generators tieate Although the generated data is very similar to the original
purely synthetic data, in particular in the context of a laage- DBLP data for years up to the present, we can give no
specific benchmark. Ultimately, our generator might also giarantees that our generated data goes hand in hand with the
useful in other contexts, whenever large RDF test data 9§9inal DBLP data for future years. However, and this is muc
required. We point out that the DBLP-to-RDF translation diore important, even in the future the generated data will
the original DBLP data in [31] provides only a fixed amountollow reasonable (and well-known) social-world distrtiioms.
of data and, for this reason, is not sufficient for our purpos¥/e eémphasize that the benchmark queries are designed to

We finally mention that sampling down large, existing datgfimarily operate on top of these relations and distritngio
sets such as U.S. Cendugbout 1 billion triples) might Whlc_h makes them reallst_|c, predictable and understale_dapl
be another reasonable option to obtain data with real-woff@" instance, some queries operate on top of the citation
characteristics. The disadvantage, however, is that sagplSyStem, which is mirrored by our generator. In contrast, the
might destroy more complex distributions in the data, thlggstrlbu'uc_)n of art!cle release months is ignored, hence no
leading to unnatural and “corrupted” RDF graphs. In conraguery relies on this property.
our dec_isionhto build a dat? %enslrjaéo(; from Sr?'rarl;[qh _aII?V\m usﬁ Structure of Document Classes
customize the structure of the ata, which is in line wit . . : .
the idea of a comprehensive, language-specific benchmark(.)ur starting point for the d|sgu55|0n is the DBELP DTD

. . . . . and the February 25, 2008 version of DBLP. An extract of
This way, we easily obtain documents that contain a rich set
of RDF constructs, such as blank nodes or containers. “http:/www.zunzun.com

Shttp://www.gnuplot.info

Shttp://www.rdfabout.com/demo/census/ Shttp://monetdb.cwi.nl/XQuery/

Fig. 1. Extract of the DBLP DTD



TABLE |
PROBABILITY DISTRIBUTION FOR SELECTED ATTRIBUTES

the DTD is provided in Figur€ll. Theblp element defines
eight child entities, namely RTICLE, INPROCEEDINGS .. .,

and WWW resources. We call these entitikesument classes Article  Inproc. Proc. Book WWW
and instances theredbcumentsFurthermore, we distinguish  ~, ihor 09895 09970 00001 0.8937 09973
between ROCEEDINGS documents, calleadonferencesand cite 0.0048 0.0104 0.0001 0.0079 0.0000
instances of the remaining classes, cafpedblications editor 0.0000 0.0000 0.7992 0.1040 0.0004
The DTD defines22 possible child tags, such aaithor isbn 0.0000  0.0000 0.8592 0.9294 0.0000

: journal  0.9994  0.0000 0.0004 0.0000 0.0000
or url, for each document class. Thelescribedocuments, month  0.0065 0.0000 0.0001 0.0008 0.0000

and we call themattributesin _the following._According t_o pages 0.9261 09489 0.0000 0.0000 0.0000
the DTD, each document might be described by arbitrary title 1.0000 1.0000 1.0000 1.0000 1.0000
combination of attributes. Even repeated occurrences @f th

same attribute are allowed, e.g. a document might havealever L ) .
authors. However, in practice only a subset of all documepReCifies the statistical spread. For instance, the appadion
class/attribute combinations occurs. For instance, (as gHnction ;‘ofr thecite distribution in Figurd P(a) is defined by
might expect) attributgages is never associated with WWW deire(z) = plusse """ (z). The analysis and the resulting
documents, but typically associated witlRACLE entities. In  distribution of repeatedditor attributes is structurally similar
Table[l we show, for selected document class/attributespaiand is described by the functiahor (z) de] PLan A8 (),
the probability that the attribute describes a documenhisf t  The approximation function for repeatedthor attributes
clas$. To give an example, abow2.61% of all ARTICLE bases on a Gaussian curve, too. However, we observed that
documents are described by the attribpages. the average number of authors per publication has increased
This probability distribution forms the basis for genemgti over the years. The same observation was made in [22]
document class instances. Note that we simplify and assugiel explained by the increasing pressure to publish and the
that the presence of an attribute does not depend on @reliferation of new communication platforms. Due to the
presence of other attributes, i.e. we ignore conditionabaf prominent role of authors, we decided to mimic this property
bilities. We will elaborate on this decision in SectionVIl.  As a consequence, parametgrando are not fixed (as it was
Repeated Attributes. A study of DBLP reveals that, in the case for the distributionk;;. andd.4i:.,), but modeled as
practice, only few attributes occur repeatedly within &ng functions over time. More precisely, and o are realized by
documents. For the majority of them, the number of repeathahited growth function$ (so-called logistic curves) that yield
occurrences is diminishing, so we restrict ourselves on th&her values for later years. The distribution is desatibg
most frequentepeated attributesite, editor, andauthor.

. - . . def  (ptautn (Yr),Cautn (i
Figure[2(a) exemplifies our analysis for attributiee. It dawtn (z,yr) = o Wenn ) (1) where
shows, for each documents with at least aite occurrence, Lauth (yT) def 1+17.596369151(y771975) +1.05, and

the probability {-axis) that the document has exactlycite def 1.00
attributes g-axis). According to Tablg I, only a small fraction Tauth(Y7) *= T3550=0 10=orsy + 0-50.

of documents are described biye (e.9.4.8% of all ARTICLE We will discuss the logistic curve function type in more
documents). This value should be closd ®% in real world, detail in the following subsection.

meaning that DBLP contains only a fraction of all citations.

This is also why, in Figurgl2(a), we consider only documenB Key Characteristics of DBLP

with at least one outgoing citation; when assigning cit@&io  \ye next investigate the quantity of document class instance
later on, however, we first use the probability distribut@n gyer time. We noticed that DBLP contains only few and
attributes in Tabl€l I to estimate the number of documents Wit,complete information in its early years, and also found
at least one outgoing citation and afterwards apply theiaita anomalies in the final years, mostly in form of lowered
distribution in Figure[P(a). This way, we exactly mirror theyrowth rates. It might be that, in the coming years, some
distribution found in the original DBLP data. more conferences for these years will be added belatedly
Based on experiments with different function families, W e. data might not yet be totally complete), so we restrict
decided to use bell-shaped Gaussian curves for data appigur discussion to DBLP data ranging from 1960 to 2005.
imation. Such functions are typically used to model normal Figyre[2(b) plots the number ofROCEEDINGS JOURNAL,
distributions. Strictly speaking, our data is not normallg- |\proceepINGS and ARTICLE documents as a function of
tributed (i.e. there is the left limitz = 1), however, these time. They-axis is in log scale. Note thablRNAL is not an
curves nicely fit the data for > 1 (cf. Figure[2(a)). Gaussian expjicit document class, but implicitly defined by tjwirnal

curves are described by functions attribute of ARTICLE documents. We observe that inproceed-
pffé;fs)s(x) _ m}%e—o.s(’”;“)2’ ings and articles are closely coupled to the proceedings and

i o journals. For instance, there are always al5ou60 times more
wherey € R fixes thex-position of the peak and € R+

8We make the reasonable assumption that the number of cosauthith
“The full correlation matrix can be found in Tafile]IX in the Aglix. eventually stabilize.
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Fig. 2. (a) Distribution of citations, (b) Document classtamces, and (c) Publication counts

inproceedings than proceedings, which indicates the geera f,,..(yr) = Fiournal(yr) + farticte(Yr) + fproc(yr)+
number of inproceedings per proceeding. finproc(yYr) + fincott + frook(yr)+
Figure [2(b) shows exponential growth for all document fpra(yr) + fmasters(Yr) + fuww(yr),
classes, where the growth rate abURNAL and ARTICLE . )
documents decreases in the final years. This suggests adimit Thetotal number of authogavhich we define as the number

growth scenario. Limited growth is typically modeled b)Pf author attributes in the data set, is computed as follows.

logistic curves, which describe functions with a lower amd aF'rSt’ we estimate the number of documents described by

upper asymptote that either continuously increase or deereg?trtlpgtiguthoriogﬁglchﬁlftchument clais |nd|V|duaIIyd(u5|r:x?q:]he
for increasingz. We use curves of the form istribution in Tablell). €s€ counts are summed up,oinl

gives an estimation for the total number of documents with
Jrogistic(T) = e one or moreauthor attributes. Finally, this value is multiplied
wherea, b, ¢ € R-q. For this parameter setting,constitutes With the expected average number of authors per paper in the
the upper asymptote and theaxis forms the lower asymptote."€SPective year (implicitly given by, in SectionII-A).
The curve is “caught” in-between its asymptotes and inegas 10 be close to reality, we also consider the number of
continuously, i.e. it isS-shaped. The approximation functiordistinct persons that appear as authors (per year), called
for the number of BURNAL documents, which is also plottegdistinct authors and the number ofiew authorsin a given

in Figure[2(b), is defined by the formula year, i.e. those persons that publish for the first time.
et We found that the number of distinct authofg,.... per
fjournat(yr) el 1+426_28Z§%§§(w71950). year can be expressed in dependencé,of;, as follows.

N . ) def _

Approximation functions for RTICLE, PROCEEDINGS |.N faautn(yr) = (1“69_41670(;_6077@71936) 1 0.84) % fauen(yr)
PROCEEDINGS BooK, and NCOLLECTION documents differ . o o
only in the parameters. HD THESES MASTERS THESES The equation above indicates that the number of distinct
and WWW documents were distributed unsteadily, so vadithors relative to the total authors decreases steadi f
modeled them by random functions. It is worth mentionin%ﬁ‘l_% t0 0.84%—0.67% = 0.17%. Among others, this reflects
that the number of articles and inproceedings per yearlgleafn€ increasing productivity of authors over time.
dominates the number of instances of the remaining classes! he formula for the numbef,..., of new authors builds on

The concrete formulas look as follows. the previous one and also builds upon a logistic curve:
) dg 58519.12 frew(yr) de:f (1749.Ooejf?..1249(y7‘71937) +0.628) * faqutn(yr)
fartzcle(yr) . 1+876.80¢—0-12(yr—1950)
def 5502.31 Publications. In Figure[2(c) we plot, for selected year and
Foroc(yr) de_f 1+1250.26¢ 0-14(yr—1965) publication countz, the number of authors with exactty
finproc(yr) = TigoTeer e arot%) publications in this year. The graph is in log-log scale. We
fi (yr) Cfe:f 3577.31 observe a typical power law distribution, i.e. there areyal
ineoll dog 196:49e7 0 O0(r=IOR) couple of authors having a large number of publications|avhi
Jvook(yr) = 40739_3855725%2@771950) lots of authors have only few publications.
Fona(yr) = randonjo..20] Power law distributionks are modeled by functions of the
def form froweriaw(x) = ax® + b, with constantsa € R,
Fmasters(yr) def random.. 10} exponJZ)ntk € R(<o), andb € R. Parameter affects thez:-a>xis
fwww(yr) = randonjo..10] intercept, exponent defines the gradient, anid constitutes

) a shift in y-direction. For the given parameter restriction, the
C. Authors and Editors functions decrease steadily for increasing 0.

Based on the previous analysis, we can estimate the numbeFigure[2(c) shows that, throughout the years, the curves
of documentd,.s in yr by summing up the individual counts:move upwards. This means that the publication count of the



leading author(s) has steadily increased over the3lagears, The RDF standard [1] introduces a base vocabulary with
and also reflects an increasing number of authors. We estimiited semantics, e.g. defines URIf:type for type specifica-
the number of authors with publications in yearr as tions. This vocabulary also includes containers, such gs ba
def L ‘ or sequences. RDFS [25] extends the RDF vocabulary and,
Fawp(@,yr) = 1.50 fpupr (yr)a™fewr @) — 5, where among others, provides URIs for subclassfs{subClassOf)
2 wp(UT) el 1+216223€*96_62%(yr71936) +3.08, and and subpropertyrajf:subPropertny) specifications. .On top of _
o ) RDF and RDFS, one can easily create user-defined, domain-
Jpuvi(yr) returns the total number of publicationsgm.  gpecific vocabularies. Our data generator makes heavy use of
Coauthors. In analyzing coauthor characteristics, we invesych predefined vocabulary collections.
tigated relations between the publication count of autlami The DBLP RDF Scheme.Our RDF scheme basically

the numbgr qf its total and distinct goauthors. Given a numb®);ows the approach in [31], which presents an XML-to-RDF

2 of publications, we (roughly) estimate the average nu_mbﬁ'fapping of the original DBLP data. However, we want to
OT tc_)tal coauthors Dicoaus := 2124z and the number of its generate arbitrarily-sized documents and provide listirsf
distinct coauthors bYigeoaun := 2. We take these values 5y jast names, publishers, and random words to our data
into consideration when assigning coauthors. generator. Conference and journal names are always of the

Editors. The analysis of authors is complemented by g ., “Conferencesi ($yeary and “Journal §i ($yeary, where
study of their relations to editors. We associate editorth wi$i is a unique conference (resp. journal) number in yiyaar

authors by investigating the editors’ number of publicasio Similar to [31], we use existing RDF vocabularies to de-

in (earlier) venues. As one might expect, editors often ha\égribe resources in a uniform way. We borrow vocabulary from

published before, i.e. are persons that are known in the comy o ¢, describing persons, and from SWEGind DG
munity. The concrete formula is rather technical and OrMte}‘or describing scientific resources. Additionally, we oduce

D. Citations a namespaceench, which defines DBLP-specific document
) ) classes, such asench:Book andbench:Article . Fig-

In Section(Tll-A we have studied repeated occurrences Qfe3(a) shows the translation of attributes to RDF progsrti
attributecite, i.€. outgoing citations. Concerning th&oming ko each attribute, we also list its range restriction,the.type
citations (i.e. the count of incoming references for papeve ot glements it refers to. For instance, attribatehor is mapped
observed a characteristic power law distribution: Mostepap ¢ dc:creator, and references objects of typeaf-Person
have few incoming citations, while only few are cited often. The original DBLP RDF scheme neither contains blank

We omit the concrete power law approximation function. -, 4eq nor RDF containers. As we want to test our gueries on

We also observed that the number of incoming citatiorigp of such RDF-specific constructs, we use (unique) blank

is smaller than the number of outgoing citations. This is;qeg «:givennameastnamé for persons (instead of URIS)

because DBLP contains many untargeted citations (|.e.)em%d model outgoing citations of documents using standard

cite tags). Recalling that only a fraction of all papers havgytgag  containers. We also enriched a small fraction of
outgoing citations (cf. Section TI3A), we conclude tha®th 5 xr | £ and NPROCEEDING sdocuments with the new prop-
DBLP citation system is very incomplete. erty bench:abstract (about1%, keeping the modification low),
which constitutes comparably large strings (using a Gaussi
_ _ _ distribution with z = 150 expected words ana = 30).

The RDF Data Model. From a logical point of view, RDF  Eigyre[3(b) shows a sample DBLP instance. On the logical
data bases are collections of so-called triples of knovﬂedgeveL we distinguish between thechemalayer (gray) and
A triple (subjecipredicateobjec) models the binary relation ihe instance layer (white). Reference lists are modeled as
predicatebetweensubjectandobjectand can be visualized in pjank nodes of typerdf:Bag , i.e. using standard RDF
a directed graph by an edge from thebjectnode to arobject containers (see nodereferences) Authors and editors are
node under labgpredicate Figure[3(b) shows a sample RDFepresented by blank nodes of tyfeaf:Person . Class
graph, where dashed lines represent edges that are labiéhed ¥4t Document splits up into the individual document

IV. DATA GENERATION

rdf:type, and sc is an abbreviation fordfs:subClassOf. For c|assesbench:Journal bench:Article and so on.
instance, the arc from noderoceedinglto node_:JohnDue oy graph defines three persons, one proceeding, two inpro-
represents the triplePfoceedinglswrc:editor_.JohnDue).  ceedings, one journal, and one article. For readabilitgors,

RDF graphs may contain three types of nodes. FWRJS e plot only selected predicates. As also illustrated, prtyp
(Uniform Resource Identifiers) are strings that uniquelnid ycterms:partof links inproceedings and proceedings together,
tify abstract or physical resources, such as conferencesygtjle swrc:journal connects articles to their journals.
journals. Blank nodeshave an existential character, i.e. are |, order to provide an entry point for queries that access

typically used to denote resources that exist, but are nQtiors and to provide a person with fixed characteristies, w
assigned a fixed URI. We represent URIs and blank nodes by

ellipses, |dent|fy_|ng blank nodes by the prefix™ the_rals Shitp://www.foaf-project.org/
represent (possibly typed) values and usually describesURI1onp.//0ntoware.org/projects/swre/

or blank nodes. Literals are represented by quoted strings. !http:/dublincore.org/



attribute mapped to prop. refers to : “Jonn_Duo)

address swrc:address xsd:string swreeditor p— i

author dc:creator foaf:Person determe \

booktitle  bench:booktitle xsd:string “JohnDue*

cdrom bench:cdrom xsd:string 101940y “2007"/parior

chapter swrc:chapter xsd:integer

cite dcterms:references foaf:Document F_ d b

crossref dcterms:partOf foaf:Document 1 \

editor swrc:editor foaf:Person .

ee rdfs:seeAlso xsd:string b2

isbn swrc:isbn xsd:string h

journal swrc:journal bench:Journal J /

month swrc:month xsd:integer -Pete Gill

note bench:note xsd:string -

number swrc:number xsd:integer

page swrc:pages xsd:string -

publisher dc:publisher xsd:string

school dc:publisher xsd:string

series swrc:series xsd:integer

title dc:title xsd:string

url foaf:homepage xsd:string

volume swrc:volume xsd:integer

year dcterms:issued xsd:integer “SPARAL"  2006” “Frank Ness*
Fig. 3. (a) Translations of attributes, and (b) DBLP samplance in RDF format

created a special author, named after the famous mathemati-| foreach year:
cian Paul Erdds. Per year, we assitih publications and calculate counts for and generate document classes;
editor activities to this prominent person, starting froeay calculate nr_Of_tOtal‘ new, distinct, and retiring autho
1940 up to 1996. For the ease of access, Paul Erdos is modeled choosepublishing authors;

. . . assignnr of new publications, nr of coauthors, and
by a fixed URI. As a_n example query consid@s, which nr of distinct coauthors to publishing authors;
extracts all persons witkrdos Numbet? 1 or 2. /I s.t. constraints for nr of publications/author hold

Data Generation. Our data generator was implemented in assignfrom publishing authors to papers:
C++. It takes into account all relationships and charadiess /I satisfying authors per paper/co authors constraint
that have been studied in Sectibnl Ill. Figure 4 shows the | chooseeditors and assign editors to papers;
key steps in data generation. We simulate year by year and| // s.t. constraints for nr of publications/editors hold
generate data according to the structural constraints in a| generateoutgoing citations;
carefully selected order. As a consequence, data generatio | assignexpected incoming/outgoing citations to papers;
is incremental, i.e. small documents are always contained i write output until done or until output limit reached;
larger documents. /I permanently keeping output consistent

The generator offers two parameters, to fix either a triple
count limit or the year up to which data will be generated.
When the triple count limit is set, we make sure to end up
in a “consistent” state, e.g. whenever proceedings argenrit graph. The very basic SPARQL constructs are triple patterns
the corresponding conference will be included. (subject, predicate, object), where variables might be used in

The generation process is simulation-based. Among othepkce of fixed values for each of the three components. In
this means that we assign life times to authors, and indaligu evaluating SPARQL, these patterns are mapped against one
estimate their future behavior, taking into account globar more input graphs, thereby binding variables to matching
publication and coauthor characteristics, as well as thetin nodes or edges in the graph(s). Since we are primarily inter-
of distinct and new authors (cf. Sectibn 1II-C). ested in database aspects, such as operator constellatidns

All random functions (which, for example, are used t@ccess patterns, we focus on queries that access a single gra
assign the attributes according to TaBle ) base on a fixedl see The SPARQL standard [3] defines four distinct query forms.
This makes data generation deterministic, i.e. the pa&meSeLECT queries retrieve all possible variable-to-graph map-
setting uniquely identifies the outcome. As data generasionpings, while Ask queries returryesif at least one such map-
also platform-independent, we ensure that experimergalt® ping exists, ancho otherwise. The BSCRIBE form extracts
from different machines are comparable. additional information related to the result mappings.(adja-

cent nodes), while GNSTRUCTtransforms the result mapping
V. BENCHMARK QUERIES into a new RDF graph. The most appropriate for our purpose is

The SPARQL Query Language.SPARQL is a declarative SELECT, which best reflects SPARQL core evaluationstA

language and bases upon a powerful graph matching facil¢eries are also interesting, as they might affect the ehoic

allowing to match query subexpressions against the RDRingf the query execution plan (QEP). In contraspNSTRUCT
and DescRrIBE build upon the core evaluation ofESECT,

i.e. transform its result in a post-processing step. Thep st

@

ur

Fig. 4. Data generation algorithm

125ee http:/ivww.oakland.edu/enp/.



TABLE Il
SELECTED PROPERTIES OF THE BENCHMARK QUERIESHORTCUTS ARE INDICATED BY BOLD FONT

Query 1 2 3abc 4 5ab 6 7 8 9 10 11 12c
1  OperatorsAND,FILTER,UNION,OPTIONAL A A0 AF AF AF AFO AFO AFU AU -
2 Modifiers: DISTINCT,LIMIT,Of FSET,ORDER bY - Ob - D D D D D L,Ob,Of
4 Filter Pushing Possible? - - v - vI- v v v - -
5 Reusing of Graph Pattern Possible? - - - v - v v v v o 5
6 Data AccessBLANK NODES,LITERALS,URIS, LU L,ULa LU B,L,U B,L,U B,L,U L,U,C B,L,U B,L,U U LU U

LaRGE LITERALS,CONTAINERS

is not very challenging from a database perspective, so wetains mappings fromd for which no join partner inB is
focus on &LECT and Ask queries (though, on demand, thespresent. In the latter case, variables that occur only énsid
queries could easily be translated into the other forms).  might be unbound. By combining@10NAL with FILTER and
The most important SPARQL operator isNA (denoted function BOUND, which checks if a variable is bound or not,
as “”). If two SPARQL expressionsl and B are connected one can simulatelosed world negatiorin SPARQL. Many
by AND, the result is computed by joining the result mappingsteresting queries involve such an encoding @4.andQ7).
of A and B on their shared variables [4]. Let us considgr SPARQL operates on graph-structured data, thus engines
from the Appendix, which defines three triple patterns inteshould perform well on different kinds of graph patterns.
connected through ®WD. When first evaluating the patternsUnfortunately, up to the present there exist only few reatids
individually, variable?journalis bound to nodes with (1) edgeSPARQL scenarios. It would be necessary to analyze a large
rdf:type pointing to the URIbench:Journal , (2) edge set of such scenarios, to extract graph patterns that frglgue
dc:title pointing to the Literal Journal 1 (1940)of type string, occur in practice. In the absence of this possibility, weilhis
and (3) edgeicterms:issued, respectively. The next step is toguish betweetong path chainsi.e. nodes linked to each other
join the individual mapping sets on variab®ournal The node via a long pattushy patternsi.e. single nodes that are
result then contains all mappings froPjournal to nodes that linked to a multitude of other nodes, andmbinations of these
satisfy all three patterns. FinallyeSeCT projects for variable two patternsSince it is impossible to give a precise definition
?yr, which has been bound in the third pattern. of “long” and “bushy”, we designed meaningful queries that
Other SPARQL operators areNlbN, OPTIONAL, and FL-  containcomparablylong chains (i.eQ4, Q6) andcomparably
TER, akin to relational unions, left outer joins, and selecsionbushy patterns (i.eQ2) w.r.t. our scenario. These patterns
respectively. For space limitations, we omit an explamaticcontribute to the variety of characteristics that we cover.
of these constructs and refer the reader to the SPARQLSPARQL Optimization. Our objective is to design queries
semantics [3]. Beyond all these operators, SPARQL providgsmt are amenable to a variety of SPARQL optimization
functions to be used in IETER expressions, e.g. for reg-approaches. To this end, we discuss possible optimization
ular expression testing. We expect these functions to orchniques before presenting the benchmark queries.
marginally affect engine performance, since their impleme A promising approach to SPARQL optimization is the
tation is mostly straightforward (or might be realized thgb  ordering of triple patterndased on selectivity estimation [5],
efficient libraries). They are unlikely to bring insightdarthe akin to relational join reordering. Closely related to lkeip
core evaluation capabilities, so we omit them intentignallreordering is FLTER pushing which aims at an early eval-
This decision also facilitates benchmarking of researciiopr uation of filter conditions, similar to projection pushing i
types, which typically do not implement the full standard. Relational Algebra. Both techniques might speed up evialnat
The SPBench queries also cover SPARQL solution modsy decreasing the size of intermediate results. An effig@int
ifiers, such as BBTINCT, ORDER BY, LiMIT, and OFFSET. order depends on selectivity estimations for triple pager
Like their SQL counterparts, they might heavily affect théut might also be affected by available data access paths.
choice of an efficient QEP, so they are relevant for ouloin reordering might apply to most of our queries. Réw
benchmark. We point out that the previous discussion captuin Table[dl lists the queries that supportLFER pushing.
virtually all key features of the SPARQL query language. In Another idea is taeuse evaluation results of triple patterns
particular, SPARQL does (currently) not support aggregmati (or even combinations thereof). This might be possible when
nesting, or recursion. ever the same pattern is used multiple times. As an example
SPARQL Characteristics. Rows1 and2 in Table[Il survey consider@4. Here, ?articlel and ?article2 in the first and
the operators used in theeBecT benchmark queries (thesecond triple pattern will be bound to the same nodes. We
Ask-queriesQ12a and@Q120 share the characteristics of theirsurvey the applicability of this technique in Talfjlé Il, rdw
SELECT counterparts)5a and @8, respectively, and are not RDF Characteristics and Storage. SPARQL has been
shown). The queries cover various operator constellatiospecifically designed to operate on top of RDF [1] rather
combined with selected solution modifiers combinations. than RDFS [25] data. Although it is possible to access RDFS
One very characteristic SPARQL feature is operate- Ovocabulary with SPARQL, the semantics of RDFS [26] is
TIONAL. An expressiond OPTIONAL {B} joins result map- ignored when evaluating such queries. Consider for example
pings from A with mappings fromB, but — unlike AND — the rdfs:subClassOf property, which is used to model sub-



class relationships between entities, and assume thas c/ Q3abc. Select all articles with property (a)wrc:pages,

Student is a subclass oPerson . A SPARQL query like
“Select all objects of typ@erson ” then doesnot return

(b) swrc:month, or (c) swrc:isbn.

This query tests [ETER expressions with varying selectivity.

students, although according to [26] each student is also According to Tablell, the ETER expression inQ3a is not

person. Hence, queries that cover RDFS inference make

nEry selective (i.e. retains abof®.61% of all articles). Data
access through a secondary index@a is probably not very

sense unless the SPARQL standard is changed accordingly.eﬁicient’ but might work well forQ3b, which selects only

Recalling that persons are modeled as blank nodes, all65% of all articles. The filter condition inQ3c is never
queries that deal with persons access blank nodes. Moreovéptisfied, as g‘oba”'deds hawvrc:isbn predicates. Schema
one of our queries operates on top of the RDF bag containgfatistics might be used to answ@Bc in constant time.

for reference lists@7), and one accesses the comparably lar¢ Q4. Select all distinct pairs of article author names for autior

abstract literals@2). Row 6 in Table[Il provides a survey.

that have published in the same journal.

A comparison of RDF storage strategies is provided in [12].Q4 contains a rather long graph chain, i.e. varial?eamel
Storage scheme and indices finally imply a selection of effiand ?nameZare linked throu_gh the articles the guthors have
cientdata access path©ur queries impose varying challenges Published, and a common journal. The result is very large,

to the storage scheme, e.g. test data access through R[?FS

subjects, predicates, objects, and combinations thdreofost

ically quadratic in number and size of journals. Instead
evaluating the outer pattern block and applying therErR
afterwards, engines might embed theTER expression in the

cases, predicates are fixed and subject and/or object vatry, bcomputation of the block, e.g. by exploiting indices on auth
we also test more uncommon access patterns. We will resunf@mes. The BsTINCT modifier further complicates the query.

this discussion when describirg9 and Q10.

A. Benchmark Queries

We expect superlinear behavior, even for native engines.

Q5ab. Return the names of all persons that occur as author
of at least one inproceeding and at least one article.

Queries@Q5a and Q50 test different variants of joinsQ5a
implements an implicit join on author names, which is encbde

The benchmark queries also vary in general characteristiGs the RLTER condition, whileQ5b explicitly joins the authors

like selectivity query and output sizeand different types of

on variablename Although in general the queries are not

joins. We will point out such characteristics in the subsequengduivalent, the one-to-one mapping between authors amd the

individual discussion of the benchmark queries.
In the following, we distinguish betweeim-memoryen-

names (i.e. author names constitute primary keys) in our
scenario implies equivalence. In [14], semantic optinidrat
on top of such keys for RDF has been proposed. Such an

gines, which load the document from file and process queriespproach might detect the equivalence of both queries & thi
in main memory, anaativeengines, which rely on a physical scenario and select the more efficient variant.

database system. When discussing challenges to and évalue?

Q6. Return, for each year, the set of all publications authored

strategies for native engines, we always assume that = py persons that have not published in years before.

document has already been loaded in the database befores:

Q6 implements closed world negation (CWN), expressed

We finally emphasize that in this paper we focus on thehrough a combination of operatorsP@oNAL, FILTER, and
SPARQL versions of our queries, which can be processedounb. The idea of the construction is that the block outside

directly by real SPARQL engines. One might also be intetestethe OPTIONAL expression computes all publications, while

in the SQL-translations of these queries available at t
SP’Bench project page. We refer the interested reader to [3

for an elaborate discussion of these translations.

Q1. Return the year of publication of “Journal 1 (1940)".

This simple query returns exactly one result (for arbityari
large documents). Native engines might use index lookups
in order to answer this query in (almost) constant time,
i.e. execution time should be independent from documest siz

Q2. Extract all inproceedings with propertiesic:creator,
bench:booktitle, dcterms:issued, dcterms:partOf, rdfs:seeAlso,
dc:titte, swrc:pages, foafhomepage, and optionally
bench:abstract, including their values.

This query implements a bushy graph pattern. It contains
a single, simple ®TIONAL expression, and accesses large
strings (i.e. the abstracts). Result size grows with dag@ba
size, and a final result ordering is necessary due to operator
ORDERBY. Both native and in-memory engines might reach
evaluation times that are almost linear to the document size

at appear outside. The outen.FeR expression then retains
ublications for which?author2is unbound, i.e. exactly the
publications of authors without publications in earlieay®

hﬁe inner one constitutes earlier publications from awghor

Q7. Return the titles of all papers that have been cited at least
once, but not by any paper that has not been cited itself.

This query tests double negation, which requires nested CWN
Recalling that the citation system of DBLP is rather incom-
plete (cf. Sectiof 1II-ID), we expect only few results. Thbyg
the query is challenging due to the double negation. Engines
might reuse graph pattern results, for instance, the block
?class]i] rdf:type foaf:Document. ?doc[i] rdf:type ?classi].
occurs three times, for empty], [¢|=3, and [{]=4.

Q8. Compute authors that have published with Paul Erdds or
with an author that has published with Paul Erdos.

Here, the evaluation of the secondNIdN part is basically
“contained” in the evaluation of the first part. Hence, tech-
niques like graph pattern (or subexpression) reusing might
apply. Another very promising optimization approach is ¢ d
compose the filter expressions and push down its components,
in order to decrease the size of intermediate results.



TABLE Il
DOCUMENT GENERATION EVALUATION

#triples 102 10* 10° 10 107 108 109

elapsed time [s] 0.08 0.13 0.60 5.76 70 1011 13306

Q9. Return incoming and outgoing properties of persons.

Q9 has been designed to test non-standard data access pat-
terns. Naive implementations would compute the triple pat-
terns of the WION subexpressions separately, thus evalu-
ate patterns where no component is bound. Then, pattern
?subject ?predicate ?person would select all graph
triples, which is rather inefficient. Another idea is to exatke

the first triple in each MION subexpression, afterwards using
the bindings for variabl@personto evaluate the second pat-
terns more efficiently. In this case, we observe patterngevhe
only the subject (resp. theobjec) is bound. Also observe
that this query extracts schema information. The resul siz
is exactly4 (for sufficiently large documents). Statistics about
incoming/outgoing properties #fersontyped objects in native
engines might be used to answer this query in constant time,
even without data access. In-memory engines always must loa
the document, hence might scale linearly to document size.

Q10. Return all subjects that stand in any relation to person
“Paul Erdés”. In our scenario the query can be reformulated
as Return publications and venues in whicRdul Erdés” is
involved either as author or as editor.

Q10 implements an object bound-only access pattern. In
contrast toQ9, statistics are not immediately useful, since the
result includes subjects. Recall that “Paul Erdos” isvactinly
between 1940 and 1996, so result size stabilizes for sufflgie
large documents. Native engines might exploit indices and
reach (almost) constant execution time.

Q11. Return (up to) 10 electronic edition URLs starting from
the 52" publication, in lexicographical order.

This query focuses on the combination of solution modifiers
ORDERBY, LIMIT, and GFFSET. In-memory engines have to
read, process, and sort electronic editions prior to psiegs
LimiT and OFFSET. In contrast, native engines might exploit
indices to access only a fraction of all electronic editiansl,

as the result is limited td0, reach constant runtimes.

Q12. (a) Return yes if a person occurs as author of at least
one inproceeding and article, no otherwise; (b) Return yes i
an author has published with Paul Erdds or with an author
that has published with Paul Erdés”, and no otherwise. (¢)
Returnyesif person ‘John Q. Public” is present in the database.

Q12a and Q12b share the properties of theireSECT coun-
terparts@Q5a and Q8, respectively. They always returyes

for sufficiently large documents. When evaluating sucbkA
queries, engines should break as soon a solution has been
found. They might adapt the QEP, to efficiently locate a
witness. For instance, based on execution time estimations
might be favorable to evaluate the second part of thedd in
Q120 first. Both native and in-memory engines should answer
these queries very fast, independent from document size.
Q12c¢ asks for a single triple that is not present in the
database. With indices, native engines might execute tlds/q

in constant time. Again, in-memory engines must scan (and
hence, load) the whole document.

VI.

All experiments were conducted under Linux ubuntu v7.10
gutsy, on top of an Intel Core2 Duo E6400 2.13GHz CPU and
3GB DDR2 667 MHz nonECC physical memory. We used a
250GB Hitachi P7K500 SATA-II hard drive withN8B Cache.
The Java engines were executed with JRE v108.0

EXPERIMENTS

A. Data Generator

To prove the practicability of our data generator, we mea-
sured data generation times for documents of differentssize
Table[IIl shows the performance results for documents con-
taining up to one billion triples. The generator scales &mo
linearly with document size and creates even large docwsnent
very fast (the10° triples document has a physical size of
about103GB). Moreover, it runs with constant main memory
consumption (i.e., gets by with abou2GB RAM).

We verified the implementation of all characteristics from
Section[Il. Table[VIl] shows selected data generator and
output document characteristics for documents uRia/
triples. We list the size of the output file, the year in which
simulation ended, the number of total authors and distinct
authors contained in the data set (cf. Secfion 11I-C), ared th
counts of the document class instances (cf. Se€fionl M.
observe superlinear growth for the number of authors (\hiet
number of triples). This is primarily caused by the incragsi
average number of authors per paper (cf. Seckion JIlI-A).
The growth rate of proceedings and inproceedings is also
superlinear, while the rate of journals and articles is isitair.
These observations reflect the yearly document class counts
in Figure[2(b). We remark that — like in the original DBLP
database — in the early years instances of several document
classes are missing, e.g. there are nooB and Www
documents. Also note that the counts of inproceedings and
articles clearly dominate the remaining document classes.

Table[V surveys the result sizes for the queries on docu-
ments up to25M triples. We observe for example that the
outcome of@3a, Q3b, and Q3¢ reflects the selectivities of
their HLTER attributesswrc:pages, swrc:month, andswrc:isbn
(cf. Table[] and_VII). We will come back to the result size
listing when discussing the benchmark results later on.

B. Benchmark Metrics

Depending on the scenario, we will report on user time
(usr ), system timegys ), and the high watermark of resident
memory consumptionrinem). These values were extracted
from the proc file system, whereas we measured elapsed time
(tme) through timers. It is important to note that experiments
were carried out on a DuoCore CPU, where the linux kernel
sums up theusr andsys times of the individual processor
units. As a consequence, in some scenarios theusumsys
might be greater than the elapsed titnge .

We propose several metrics that capture different aspects
of the evaluation. Reports of the benchmark results would,
in the best case, include all these metrics, but might also
ignore metrics that are irrelevant to the underlying scienar
We propose to perform three runs over documents comprising



10k, 50k, 250k, 1M, 5M, and 25M triples, using a fixed will exemplarily discuss some interesting cases and réfer t
timeout of 30min per query and document, always reportingnterested reader to the Appendix for the complete results.
on the average value over all three runs and, if significaet, t We conducted benchmarks for (1) the Java engiRQ?*3
errors within these runs. We point out that this setting can 2.2 on top of Jena 2.5.5, (2) ttRedland** RDF Proces-
evaluated in reasonable time (typically within few days). lsor v1.0.7 (written in C), using the Raptor Parser Toolkit
the implementation is fast enough, nothing prevents the usel.4.16 and Rasqal Library v0.9.15, (3PB'®, which link
from adding larger documents. All reports should, of coursaRQ to an SQL database back-end (i.e., we used mysq|l
include the hardware and software specifications. Perfocma v5.0.34) , (4) the Java implementati@esamé® v2.2beta2,
results should listme, and optionallyusr andsys . In the and finally (5) OpenLinkVirtuoso'” v5.0.6 (written in C).
following, we shortly describe a set of interesting metrics For Sesame we tested two configuraticBesamgy, which

1) SucCESSRATE: We propose to separately report omprocesses queries in memory, aBdsamgp, which stores
the success rates for the engine on top of all documetita physically on disk, using the nativdulgara SAIL
sizes, distinguishing betweeuccess, Timeout (e.g. an (v1.3betal). We thus distinguish between the in-memory en-
execution time> 30min as used in our experimentsgines ARQ Sesamg) and engines with physical backend,
here), Memory Exhaustion (if an additional memory namely Redland SBD, Sesamgg, Virtuosg. The latter can
limit was set), and generarrors. This metric gives a further be divided into engines with a native RDF stoRe(-
good survey over scaling properties and might give firéand, Sesamg g, Virtuosg and a relational database backend
insights into the behavior of engines. (SDB). For all physical-backend databases we created indices

2) LOADING TIME: The user should report on the loadingvherever possible (immediately after loading the docusjent
times for the documents of different sizes. This metriand consider loading and execution time separately (index
primarily applies to engines with a database backend aorgation time is included in the reported loading times).
might be ignored for in-memory engines, where loading We performed three cold runs over all queries and docu-
is typically part of the evaluation process. ments of10k, 50k, 250k, 1M, 5M, and25M triples, i.e. in-

3) PeER-QUERY PERFORMANCE The report should include between each two runs we restarted the engines and cleared
the individual performance results for all queries over athe database. We set a timeout3omin (tme) per query and
document sizes. This metric is more detailed than tleememory limit 0f2.6GB, either usingulimit or restricting the
SuccCESSRATE report and forms the basis for a dee@VM (for higher limits, the initialization of the JVM failéd
study of the results, in order to identify strengths anNegative and positive variation of the average (over thesyun
weaknesses of the tested implementation. was < 2% in almost all cases, so we omit error bars. For

4) GLOBAL PERFORMANCE We propose to combine theSDB and Virtuosq which follow a client-server architecture,
per-query results into a single performance measusge monitored both processes and sum up these values.
Here we recommend to list for execution times the We verified all results by comparing the outputs, observing
arithmetic as well as the geometric mean, which ihat SDB and Redlandreturned wrong results for a couple
defined as the ‘i root of the product over. numbers. of queries, so we restrict ourselves on the discussion of the
In the context of SFBench, this means we multiply remaining four engines. TablelV shows the success rates.
the execution time of all7 queries (queries that failed All queries that are not listed succeeded, except ARQ
should be ranked witl3600s, to penalize timeouts and and Sesamg; on the25M document (either due to timeout
other errors) and compute the*t#oot of this product or memory exhaustion) and Virtuoso @p6 (due to missing
(for each document size, accordingly). This metric istandard compliance). Heno@4, Q5a, Q6, and Q7 are the
well-suited to compare the performance of engines. most challenging queries, where we observe many timeouts

5) MEMORY CONSUMPTION In particular for engines with even for small documents. Note that we did not succeed in
a physical backend, the user should also report dwading the25M triples document into th¥irtuosodatabase.
the high watermark of main memory consumption and
ideally also the average memory consumption over @, Discussion of Benchmark Results

[ f. Tablg VI ). . . .
queries (cf. Table¥1 ant Vi) Main Memory. For the in-memory engines we observe
C. Benchmark Results for Selected Engines that the high watermark of main memory consumption dur-

It is beyond the scope of this paper to provide an in-depE'Plg query evaluation increases sublinearly to documerd siz
comparison of existing SPARQL engines. Rather than th&€f- Table[Vl), e.g. for ARQ we measured an average (over
we use our metrics to give first insights into the state-ef-t{uns and queries) ¢i5MB on 10k, 166MB on 50k, 318MB on
art and exemplarily illustrate that the benchmark indeegtgi 250k, 526MB on 1M, and1.3GB on 5M triples. Somewhat
valuable hints on bottlenecks in current implementatidns. _
this line, we are not primarily interested in concrete value E:gpfxll_%”gl;sou;Ceforge-“e”ARQ/

(which, however, might be of great interest in the generaI15hng;//j;r:a_'s(ggrceforge_neUSDB/
case), but focus on the principal behavior and properties ofsp:/mww.openrdt.org/

engines, e.g. discuss how they scale with document size. WEhttp:/immww.openlinksw.com/virtuoso/



TABLE IV
SUCCESS RATES FOR QUERIES ORDF DOCUMENTS UP TO25M TRIPLES. QUERIES ARE ENCODED IN HEXADECIMAL(E.G., 'A" STANDS FORQ10). WE
USE THE SHORTCUTS+:=SUCCESS T:=TIMEOUT, M:=MEMORY EXHAUSTION, AND E:=ERROR.

ARQ Sesame, Sesame) Virtuoso
Query 123 45 6789ABC 123 45 6789ABC 123 45 6789ABC 123 45 6789ABC
abc ab abc ab abc ab abc ab
10k o s T O B e 2 S e o e o o o 0 o L B e L O o e O s
50k e o L e o o S O L e e e e o e o ++++++++E++++++++
250k +++++TH++++++++++ T+ T+ A+ T+T TH++++++ -+ T THE++H++++++
1M FH+++TTHTTH++++++  ++++++THT T+ ++++ 4+ THT T+ +++ +4++++TTTET+++++++
5M +H++++TTH+TT+++++++  +++++TT+T T+H++++++ +++++MTHT TH++++++ +++++T T TETH+H+++++
25M [TTTTTTTTTTTTTTTT MMMMMMMTMMMMMTMMT  +++++TT+TT+++Htoading of document failed)
TABLE V
NUMBER OF QUERY RESULTS ON DOCUMENTS UP T@5 MILLION TRIPLES
Query | Q1 Q2 Q3a Q3 Q3c Q4 Q5a Q5b Q6 Q7T Q8 Q9 Q10 Q11
10k 1 147 846 9 0 23226 155 155 229 0 184 4 166 10
50k 1 965 3647 25 0 104746 1085 1085 1769 2 264 4 307 10
250k 1 6197 15853 127 0 542801 6904 6904 12093 62 332 4 452 10
1M 1 32770 52676 379 0 2586733 35241 35241 62795 292 400 4 572 10
5M 1 248738 192373 1317 0 18362955 210662 210662 417625 1200 498 656 10
25M 1 1876999 594890 4075 0 n/a 696681 696681 1945167 5099 493 4 656 10

TABLE VI
ARITHMETIC AND GEOMETRIC MEANS OF EXECUTION TIME(T4/T4) AND
ARITHMETIC MEAN OF MEMORY CONSUMPTION(M,) FOR THE

TABLE VI
ARITHMETIC AND GEOMETRIC MEANS OF EXECUTION TIME(T4/T4) AND
ARITHMETIC MEAN OF MEMORY CONSUMPTION(Mg) FOR THE NATIVE

IN-MEMORY ENGINES ENGINES
| ARQ | Sesamey | Sesame | Virtuoso
| Tals]  Tgls] Mqa[MB] | Tals]  Tgls]  Ma[MB] | Tals] Tglsl Ma[MB] | Tals] Tgls] Ma[MB]
250k | 491.87 5635  318.2§ 44247 2864 27227 290k | 639.86  6.79 73.92 546.31 131  377.60
1M | 901.73 179.42 52561 | 683.16 106.38  561.79 1M | 65317 1017 14597 | 850.06 3.03  888.72
5M | 1154.80 671.41  1347.5% 1059.03 506.14  1437.38 5M | 860.33 2291 196.33 870.16 8.96  1072.84

surprisingly, also the memory consumption of the nati@€ cartesian product and apply the filter afterwards.
enginesvirtuosoandSesamg i increased with document size. @6 and Q7 implement simple and double negation, re-
Arithmetic and Geometric Mean. For the in-memory en- Spectively. Both engines show insufficient behavior. At the
gines we observe th&esamg is superior toARQregarding first glance, we might expect th&7 (which involves double
both means (see Tab[e]Vl). For instance, the arithmdtjg ( hegation) is more complicated to evaluate, but we observe
and geometricT},) mean for the engines on thé/ document that Sesamg scales even worse foR6. We identify two
over all querie¥ are 77¢*M = 683.16s, T7°*M = 106.84s, possible explanations. Firs)7 “negates” documents with
TARQ = 901.73s, and TR = 179.42s. incoming citations, but — according to Sectibn 1lI-D — only
For the native engines dnV/ triples (cf. TabléVll) we have @ small fraction of papers has incoming citations at all. In
TSesDB — 53 175, TSesPB — 10.17s, TV"* = 850.06s, contrast,Q6 negates arbitrary documents, i.e. a much larger
and TVirt — 3.03s Tghe arithmetic mean oBesamgp is Set- Another reasonable cause might be the non-equaléy filt
g . . . . .
superior, which is mainly due to the fact that it failed only o Subexpressioffyr2. < ?yr inside the inner RTER of Q6.
4 (vs. 5) queries. The geometric mean moderates the impact™or ASK query @12a both engines scale linearly with
of these outliersVirtuososhows a better overall performancélocument size. However, from Talilé V and the fact that our
for the success queries, so its geometric mean is superior.data generator is incremental and deterministic, we knaw th
In-memory Engines. Figure[B (top) plot selected results? “Witness” is already contained in the firsik triples of the
for in-memory engines. We start with5a and@Q5b. Although document. It might be located even without reading the whole
both compute the same result, the engines perform muchr beff@cument, so both evaluation strategies are suboptimal.
for the explicit join inQ5b. We may suspect that the implicit Native Engines.The leftmost plot at the bottom of Figure 5
join in Q5a is not recognized, i.e. that both engines compuf&0ws the loading times for the native engigesamgz and
Virtuosa Both engines scale well concernimgr andsys ,

18We always penalize failure queries WiB600s. essentially linear to document size. Fdesamgp, however,
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tme grows superlinearly (e.g., loading of tR6 )M document
. . . CHARACTERISTICS OF GENERATED DOCUMENTS
is about ten times slower than loading of th&/ document). :
This might cause problems for larger documents. #Triples 10k 50k 250k 1M SM  25M
The running times forQ2 increase superlinear for both file size [MB] 1.0 51 26 106 533 2694
engines (in particular for larger documents). This refl¢ges _data up 1955 1967 1979 1989 2001 2015
superlinear growth of inproceedings and the growing resul#Tot.Auth. 15k 6.8k 345k 151.0k 898.0k  5.4M
size (cf. TableEVIIl anfVV). What is interesting here is tige s _#DistAuth. (250 Y e Vo) = o 2 01 ST
nificant difference betweensr+sys andtme for Virtuosg iiotl'jrlnals gig 4183 174135 561§ik 20745;?( 6421%](7'(
. . . . . . . rtcies b 5 5 5 5
which |r_1d_|cat(_as dlspr_opor'uona[ dls_k I/Q. Smé}esamedoes_ #Proc. 6 37 213 903 A7k 244k
not exhibit this peculiar behavior, it might be an interegti  #nproc. 169 1.4k 9.2k 435k 2552k  1.5M
starting point for further optimizations in thértuosoengine. zgcolﬂ- 13 58 13793 3%‘(132 gligk 1‘;-|fk
: H H 00KS 0
_ Querles_Q3a arld Q3c have been designed to test thg intel “orp Th. 0 0 0 101 237 365
ligent choice of indices in the context oflFER expressions  #Mast.Th. 0 0 0 50 95 169
0 0 0 35 92 168

with varying selectivity.Virtuoso gets by with an economic #WWWs
consumption ofusr andsys time for both queries, which
suggests that it makes heavy use of indices. While thisegfyat
pays off for Q3c, the elapsed time fo€)3a is unreasonably are modeled in faithful detail and the queries are designed i
high and we observe th&esamg scales better for this query.such a way that they build on exactly those aspects, which

Q10 extracts subjects and predicates that are associated withkes them realistic, understandable, and predictable.
Paul Erdds First recall that, for each year up 1996, Paul Even without knowledge about the internals of engines, we
Erdos has exactlyl0 publications and occurs twice as editofdentified deficiencies and reasoned about suspected causes
(cf. Section[IV). Both engines answer this query in abolWe expect the benefit of our benchmark to be even higher for
constant time, which is possible due to the upper result sidevelopers that are familiar with the engine internals.
bound (cf. Tabld_V). Regardingsr+sys , Virtuosois even To give another proof of concept, in [33] we have suc-
more efficient: These times are diminishing in all cases.dden cessfully used SfBench to identify previously unknown lim-
this query constitutes an example for desired engine behavitations of RDF storage schemes: Among others, we iden-
tified scenarios where the advanced vertical storage scheme
VIl. CONCLUSION from. [12] was slower than a simple triple_store approach.

With the understandable DBLP scenario we clear the way

We have presented the S8ench performance benchmarki: ¢oming language modifications. For instance, SPARQL

for SPARQL, which constitutes the first methpdical apprpaqudate and aggregation support are currently discussed as
for testing the performance of SPARQL engines w.rt. diffefsgible extension€. Updates, for instance, could be real-

ent operator constellations, RDF access paths, typical RBq py minor extensions to our data generator. Concerning
constructs, and a variety of possible optimization appieac g eqations, the detailed knowledge of the document class
Our data generator relies on a deep study of DBLP. Aljy s and distributions (cf. Sectiballll) facilitates thesign

though it is not possible to mirrall correlations found in the of challenging aggregate queries with fixed charactesistic
original DBLP data (e.g., we simplified when assuming inde-

pendence between attributes in Secfion TIl-A), many aspect!9See http://esw.w3.org/topic/SPARQL/Extensions.
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APPENDIX

SELECT ?yr

WHERE {

?journal rdf:type bench:Journal.

?journal dc:title "Journal 1 (1940)""xsd:string.
?journal dcterms:issued ?yr }

SELECT ?inproc ?author ?booktitle ?title
?proc ?ee ?page ?url ?yr ?abstract

WHERE {

?inproc rdf:type bench:Inproceedings.

?inproc dc:creator ?author.

?inproc bench:booktitle ?booktitle.

?inproc dc:title ?title.

?inproc dcterms:partOf ?proc.

?inproc rdfs:seeAlso ?ee.

?inproc swrc:pages ?page.

?inproc foaf:homepage ?url.

?inproc dcterms:issued ?yr

OPTIONAL { ?inproc bench:abstract ?abstract }
} ORDER BY ?yr

SELECT DISTINCT <title

WHERE {
?class rdfs:subClassOf foaf:Document.
?doc rdfitype ?class.
?doc dc:title ?title.
?bag2 ?member2 ?doc.
?doc2 dcterms:references ?bag2
OPTIONAL {
?class3 rdfs:subClassOf foaf:Document.
?doc3 rdfitype ?class3.
?doc3 dcterms:references ?bag3.
?bag3 ?member3 ?doc
OPTIONAL {
?class4 rdfs:subClassOf foaf:Document.
?doc4 rdf:itype ?class4.
?doc4 dcterms:references ?bag4.
?bag4 ?member4 ?doc3 }
FILTER ('bound(?doc4)) }
FILTER ('bound(?doc3)) }

(a) SELECT ~?article
WHERE { ?article rdf:type bench:Atrticle.
?article ?property ?value
FILTER (?property=swrc:pages) }
(b) Q3a, but "swrc:month" instead of "swrc:pages”
(c) Q3a, but "swrc:isbn" instead of "swrc:pages"”

SELECT DISTINCT ?namel ?name2

WHERE { 7articlel rdf:itype bench:Article.
?article2 rdf:itype bench:Article.
?articlel dc:creator ?authorl.
?authorl foaf:name ?namel.
?article2 dc:creator ?author2.
?author2 foaf:name ?name2.
?articlel swrc:journal ?journal.
?article2 swrc:journal ?journal
FILTER (?namel<?name2) }

SELECT DISTINCT ?name

WHERE {
?erdoes rdfitype foaf:Person.
?erdoes foaf:name "Paul Erdoes
{ ?doc dc:creator ?erdoes.
?doc dc:creator ?author.
?doc2 dc:creator ?author.
?doc2 dc:creator ?author2.
?author2 foaf:name ?name
FILTER (?author!=?erdoes &&
?doc2!=?doc &&
?author2!=?erdoes &&
?author2!=?author)

xsd:string.

} UNION {
?doc dc:creator ?erdoes.
?doc dc:creator ?author.
?author foaf:name ?name
FILTER (?author!=?erdoes) } }

(@) SELECT DISTINCT ?person ?name

WHERE { ?article rdfitype bench:Atrticle.
?article dc:creator ?person.
?inproc rdf:type bench:lnproceedings.
?inproc dc:creator ?person2.
?person foaf:name ?name.
?person2 foaf:name ?name2
FILTER(?name=?name2) }

(b) SELECT DISTINCT ?person ?name
WHERE { ?article rdf:type bench:Atrticle.
?article dc:creator ?person.
?inproc rdf:type bench:lnproceedings.
?inproc dc:creator ?person.
?person foaf:name ?name }

SELECT DISTINCT ?predicate

WHERE {
{ ?person rdf:type foaf:Person.
?subject ?predicate ?person } UNION
{ ?person rdf:type foaf:Person.
?person ?predicate ?object } }

SELECT ?yr ?name ?doc

WHERE {
?class rdfs:subClassOf foaf:Document.
?doc rdfitype ?class.
?doc dcterms:issued ?yr.
?doc dc:creator ?author.
?author foaf:name ?name
OPTIONAL {
?class2 rdfs:subClassOf foaf:Document.
?doc2 rdf:itype ?class2.
?doc2 dcterms:issued ?yr2.
?doc2 dc:creator ?author2
FILTER (?author=?author2 && ?yr2<?yr) }
FILTER ('bound(?author2)) }

SELECT ?subj ?pred Q10
WHERE { ?subj ?pred person:Paul_Erdoes }

SELECT ?ee Ql1
WHERE { ?publication rdfs:seeAlso ?ee }

ORDER BY ?ee LIMIT 10 OFFSET 50

(@) Q5a as ASK query Q12

(b) Q8 as ASK query
(c) ASK {person:John_Q_Public rfd:type foaf:Person}
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TABLE IX
PROBABILITY DISTRIBIBUTION FOR ATTRIBUTES AND DOCUMENT CLASSES

Article  Inproc. Proc. Book Incoll.  PhDTh. MastTh. WWW
address 0.0000 0.0000 0.0004 0.0000 0.0000 0.0000 0.0000 0.0000
author 0.9895 0.9970 0.0001 0.8937 0.8459  1.0000 1.0000 0.9973
booktite ~ 0.0006  1.0000 0.9579 0.0183 1.0000  0.0000 0.0000 0.0001
cdrom 0.0112  0.0162 0.0000 0.0032 0.0138  0.0000 0.0000 0.0000
chapter 0.0000  0.0000 0.0000 0.0000 0.0005 0.0000 0.0000 0.0000
cite 0.0048  0.0104 0.0001 0.0079 0.0047  0.0000 0.0000 0.0000
crossref 0.0006  0.8003 0.0016 0.0000 0.6951  0.0000 0.0000 0.0000
editor 0.0000 0.0000 0.7992 0.1040 0.0000  0.0000 0.0000 0.0004
ee 0.6781  0.6519 0.0019 0.0079 0.3610 0.1444 0.0000 0.0000
isbn 0.0000 0.0000 0.8592 0.9294 0.0073  0.0222 0.0000 0.0000
journal 0.9994  0.0000 0.0004 0.0000 0.0000 0.0000 0.0000 0.0000
month 0.0065 0.0000 0.0001 0.0008 0.0000 0.0333 0.0000 0.0000
note 0.0297 0.0000 0.0002 0.0000 0.0000 0.0000 0.0000 0.0273
number 0.9224 0.0001 0.0009 0.0000 0.0000 0.0333 0.0000 0.0000
pages 0.9261 0.9489 0.0000 0.0000 0.6849 0.0000 0.0000 0.0000
publisher  0.0006 0.0000 0.9737 0.9992 0.0237 0.0444 0.0000 0.0000
school 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 1.0000 0.0000
series 0.0000 0.0000 0.5791 0.5365 0.0000 0.0222 0.0000 0.0000
title 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
url 0.9986 1.0000 0.986 0.2373  0.9992 0.0222 0.3750 0.9624
volume 0.9982 0.0000 0.567 0.5024 0.0000 0.0111 0.0000 0.0000
year 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.0011
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