





value for the grouping variables belongs exactly to one
stream. Then, the functions are distributed to streams
and the query returns the union of their results. An ex-
ample is the sum of amounts of transactions, grouped
by sellers in each market, when each stream is associ-
ated with one market.

2. partially distributable: an aggregate such that the ar-
gument of the aggregation and only a subset of the
grouping variables belong to one or more streams, and
there exists a distributed computation of the aggregate
function over the streams in the sense of [8] over frag-
ments of relations. An example is the computation of
sum of amounts of transactions grouped by seller, over
all markets, when each stream is still associated with
one market. In such case, each stream only provides
a partial sum by seller and market, and then the sum
of the sums—over all markets—yields to the sum of
amounts for each seller.

3. not distributable: an aggregate such that neither of the
above cases holds. An example is the count of distinct
amounts of the various transactions.

An example of a query in class 1 follows, while its initial
and optimized O-Graphs are in Figure 8.

REGISTER QUERY SellerMarketMovementsPerDay AS
PREFIX x: <http://stockexchanges.org/exchanges#>

FROM <http://brokerscentral.org/brokers.rdf>
FROM STREAM <http://stockexchange.org/market.trdf>
[RANGE 24 hours TUMBLING]

SELECT DISTINCT <?seller, ?market, ?Tot
WHERE {
GRAPH ?market ({
?Transaction x:seller ?seller .
?Transaction x:with ?amount .
}
}
AGGREGATE { (?tot, SUM(?amount), {?seller, ?market}) }

Distributing the computation of aggregates over streams
always yields to an increase of performance and therefore
should be performed when possible. Moreover, the gain is
high when the p1stinct modifier is specified in serecT clause,
because it can be applied to intermediate results coming
from the computation of aggregates over each stream.

6. RELATED WORK

This section illustrates previous work on the SPARQL lan-
guage and then on data streams.

6.1 SPARQL

The most authoritative source about the syntax and se-
mantics of the SPARQL language is the W3C recommenda-
tion [29].

Cyganiak [11] presents a relational model of SPARQL.
The author uses relational algebra operators (join, left outer
join, projection, selection, etc.) to model the SPARQL
serecT clauses. A translation system between SPARQL and
SQL is outlined. The system extensively resorts to the use
of coaresce and 1s nuLL in order to express some SPARQL
features. Harris [20] presents an implementation of SPA-
RQL queries over a relational database engine. The use of
relational algebra operators is similar to that of [11].
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?total ‘
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(b) After pushing aggregates towards streams

Figure 8: O-Graphs of the second example query

n [18], Gutierrez et al. discuss the semantics and the
computational complexity of a conjunctive query language
for RDF with basic patterns, which is a formal and unam-
biguous basis for defining the semantics of SPARQL queries
evaluation. In [27], Perez et al. consider simple RDF graphs
(without special semantics for literals) and a simplified ver-
sion of filters; these assumptions allow them to provide a
compositional semantics, to prove that there is a normal
form in which, under certain constraints over variable bind-
ings, a wide range of queries can be expressed, to fix some
complexity bounds, and to discuss optimization opportuni-
ties. Haase et al. [19] present a comparison of functionalities
of pre-SPARQL query languages, many of which gave inspi-
rations to the definition of SPARQL.

A previous attempt to extend SPARQL to support data
streams has been presented by Bolles et al. [7]. Their pa-
per represents an antecedent of our work as it introduces a
syntax for the specification of logical and physical windows
in SPARQL queries by means of local grammar extensions.
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However, their approach is different from the work presented
in this paper in several key aspects. First, Bolles et al. sim-
ply introduce RDF streams as a new data type, and omit
essential ingredients, such as aggregate and timestamp func-
tions. With these limitations, the resulting expressive power
is not sufficient to express most practical queries. Second,
the authors do not follow the established approach where
windows are used to transform streaming data into non-
streaming data in order to apply standard algebraic opera-
tions. Instead, Bolles et al. have chosen to change the stan-
dard SPARQL operators by making them timestamp-aware
and, thereby, effectively introduce a new language seman-
tics. Finally, their approach allows window clauses to ap-
pear within SPARQL group graph pattern expressions. On
the one hand, this makes the query syntax more intricate,
as window clauses can appear in multiple places. On the
other hand, it complicates query evaluation. Since window
operations are no longer required to be at the leaves of the
query tree, they need to be interleaved with standard SPA-
RQL operations, possibly interfering with the separation of
concerns between stream management and query evaluation.

Even though the SPARQL specification contains no ag-
gregates definition, several implementations support some
forms of aggregation functions and group definitions. Open-
Link Virtuoso® supports count, count pISTINCT, MaX, MIN and
ave, with implicit grouping criteria. ARQ'? supports count
and counT pIsTINCT over groups defined through an SQL-like
croup BY clause. ARC!! also supports the keyword as to bind
variables to aggregated results.

In [31], the authors study how aggregation and grouping
can be defined in the context of queries over RDF graphs,
taking into consideration the peculiarities of the data model,
and providing an extension of SPARQL based on operational
semantics. Their approach is different from ours w.r.t. both
the semantics and the syntax of the proposed extension of
SPARQL. More specifically, the extension proposed by Seid
and Mehrotra changes the semantics of the SPARQL serecT
clause, while in C-SPARQL all new bindings are defined by
the acereGATE clauses.

In [33], the authors describe an approach to reasoning over
streaming facts. Their work is complementary to ours, as
they focus on the scalability of reasoning techniques, rather
than on query decomposition, query processing, and stream
management.

6.2 Data Streams

One of the first proposed models for data streams was
the Chronicle data model [22]. It introduced the concept
of chronicles as append-only ordered sequences of tuples,
together with a restricted view definition language and an
algebra that operates over chronicles as well as over tradi-
tional relations. OpenCQ [25] and NiagaraCQ [9] addressed
continuous queries for monitoring persistent data sets spread
over wide-area networks. Another data stream management
system is Aurora [6], which in turn evolved into the Borealis
project [1], which addresses distribution issues.

In [4], Babu et al. tackle the problem of continuous queries
over data streams addressing semantic issues as well as effi-
ciency concerns. They specify a general and flexible archi-
tecture for query processing in the presence of data streams.

http://virtuoso.openlinksw.com/
Ohttp://jena.sourceforge.net/ARQ/
Hhttp://arc.semsol.org/
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This research evolved into the specification and develop-
ment of a query language tailored for data streams, named
CQL [2, 3]. Further optimizations are discussed in [26].

Another stream of research was developed by Law et al. [23],
putting particular emphasis on the problem of mining data
streams [24]. Another project that addresses data mining
issues is the Stream Mill project [5], which extensively con-
sidered the problem of data aggregation. Its query lan-
guage (ESL) efficiently supports physical and logical win-
dows (with optional slides and tumbles) on both built-in
aggregates and user-defined aggregates. The constructs in-
troduced in ESL extend the power and generality of DSMSs.

The problem of processing delays is one of the most critical
issues and at the same time a strong quality requirement for
many data stream applications, since the value of query re-
sults decreases dramatically over time as the delays sum up.
In [10], the authors address the problem of keeping delays
below a desired threshold in situations of overload, which are
common in data stream systems. The framework described
in the paper is built on top of the Borealis platform.

As for the join over data streams, rewriting techniques are
proposed in [16] for streaming aggregation queries, studying
the conditions under which joins can be optimized and pro-
viding error bounds for results of the rewritten queries. The
basis of the optimization is a theory in which constraints
over data streams can be formulated and the result error
bounds are specified as functions of the boundary effects
incurred during query rewriting.

7. CONCLUSION

In this paper we addressed the optimization of the exe-
cution of stream reasoning queries; our plug-in architecture
capitalizes on the use of existing DSMS and SPARQL en-
gines, whose optimized orchestration exhibits ideal perfor-
mance. Our experiments have been performed using Sesame
and STREAM as representative DSMS and SPARQL en-
gines, but the approach is general and as such can be ported
to different component systems.

In our future work, we intend to focus on the optimal
deployment of multiple continuous queries over streams in
distributed and heterogeneous environments, where RDF
repositories and data streams will be managed by differ-
ent systems, and stream managers may exhibit limited data
management capabilities. We believe that generalizing some
of the results presented in this paper in a multi-query, het-
erogeneous, and distributed context is possible, although far
from trivial.
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2. C-SPARQL Engine Design

2.1 Main Components

Figure 2.1 present a high level architecture of our C-SPARQL engine. The front-end
component of the architecture is the execution engine of C-SPARQL. The engine is
capable of registering queries and running them continuously, accordingly to the con-
figuration of the engine. To this end, the C-SPARQL Engine uses two sub-components,
a Continuous Engine and a SPARQL Engine. The former is responsible of executing
continuous queries over RDF Streams, producing temporal RDF Snapshots (sets of
quadruples), the latter gets a RDF Snapshot as input and runs a standard SPARQL
query against it, producing a continuous result formatted as specified in the recrster
clause of the continuous query.

C-SPARQL
Query Engine

4

( Query Translator 1

Continuous Standard
Query SPARQL Query
4L o Jd L

Continvous | bt S SPARQL | efudeduded
Engine 4«1-@43 /| Engine Qogsdede] /

7777777777777777777777777777

Figure 2.1: High level architecture of a C-SPARQL engine

Both the SPARQL Engine and the Continuous Engine are plug-ins of the C-
SPARQL engine, hence the configurator chance choose the suitable SPARQL Engine
and Complex Event Processor/DSMS plugin for C-SPARQL queries evaluation.

When the constructor of C-SPARQL Engine is called, it creates three different
plugin instances of continuouskngine, SparqlEngine and Transiator type respectively. A
Translator plugin is a component capable of getting a csparqiouery as input and pro-
ducing two instances of continousguery and spargiouery, to be run by Continuous Engine
and SPARQL engine respectively. A specific implementation of a transiator plug-in
can be provided when:

e the system configurator wants to use a different Continuous Engine implemen-
tation that executes queries in its specific query language.

e the system configurator wants to exploit some translation optimizations such
as moving rirter clauses from the SPARQL part to the Continuous part (as
shown in Section 1.5), or to rearrange the SPARQL part to improve its execution
performances on a particular SPARQL Engine.
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A transiator is responsible of identifying and splitting the continuous query from the
SPARQL query contained in the cspargiouery object, and to invoke on the continuousengine
the registration of the streams specified through rrom stream clauses.

- Legenda

- stream

¢ knowledge source

variable binding

Q registered query or
reasoning tasks

Figure 2.2: Inputs and output of a C-SPARQL Engine

As shown in Figure 2.2, a csparqiengine is capable of querying RDF Graphs and
streams. Continuous C-SPARQL queries can produce RDF Graphs, Streams, or ta-
bles of variable bindings. In the first two cases the results of a C-SPARQL queries can
be used as input for other continuous or one-shot queries.

2.2 Internals of the Engine

In this paragraph we will briefly describe all the classes that have been implemented
in the first prototype of our C-SPARQL Engine, shown in Figure 2.3.

e rorouadruple: RDF Triple together with its timestamp, as defined in the data
model (Section 1.2.1).

e rorstream: Stream of RDF quadruples, implemented as an observabie object. the
update () method is called on all the observers as soon as a new rorouadruple aArrives.

® rorsnapshot: Set of RDF quadruples. Its internal data structure is optimized for
timestamp-ordered selection.

® confriguration: Object containing the configuration of the execution pipeline,
like the name of the classes of the selected continuousEngine, sparqiEngine, and

Translator.

® continuousEngine: Interface of a generic engine capable of executing queries against
RDF streams, registering streams, starting and stopping queries execution.

® sparglengine: Interface of a generic standard SPARQL query language execution
engine over the data provided by the static knowledge repository or/and by the
snapshots over the streams.
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® csparqlingine: The implementation of C-SPARQL engine, capable of register-
ing continuous queries over RDF Streams and over RDF Graphs, invoking the
instances of SparqlEngine and ContinuousEngine specified in configuration to
compute query results.

® sparglouery: A standard SPARQL query to be executed by an instance of sparqiengine.

® continuousouery: A continuous query, in the specific language supported by the
instance of ContinuousEngine used.

® cspargiouery: A C-SPARQL Query as defined in the language section (Section
1.2).

e Translator: Interface of a query translator. An implementation of Transiator re-
ceives a C-SPARQL query as input and produces the instances of an implemen-
tation of SparglQuery and an implementation of ContinousQuery.

® cspargloueryproxy: Object created by the csparqiengine after the registration of
a query. This object is responsible of receiving the continuous results of the
query and formatting them according to the implementations of resuitrormatter
attached to it. The communication between csparqgloueryrroxy and the selected
Resultformatter through the observabie/opserver pattern.

® resultrormatter: Interface of a query result formatter. resuitrormatters produce
textual results for every C-SPARQL query execution.

® RDFXMLFormatter: Implementation of resultFormatter which pI‘OdUCGS output in RD-
F/XML format.

® wsrormatter: Implementation of resultrormatter which produces output in N3 for-
mat.

® RelationalFormatter: Implementation of resultrormatter which produces output in
tabular format.

® SparglEsperTranslator: Implementation of Trans1iator which translates a C—SPARQL
query into a standard SPARQL query and a query for Esper Complex event
processor.

® SparqlSTREAMTranslator: Implementation of rransiator which translates a C-SPARQL
query into a standard SPARQL query and a query for Stanford Stream Data
Manager (STREAM).

2.3 Example of Continuous Query Processing

In this paragraph we will provide an example of execution of a C-SPARQL query, fo-
cusing on the interaction between architectural components and on their input/output
formats, together with the Java code needed to invoke the query evaluation on the
platform.

Let’s suppose we want to execute a C-SPARQL query like:
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REGISTER QUERY CarsEnteringCityCenterPerDistrict
COMPUTED EVERY 5m AS

SELECT DISTINCT ?district ?car
FROM STREAM <http://streams.org/citytollgates.trdf> [RANGE 5m STEP 5m]
WHERE { ?tollgate t:registers Z?car

?tollgate c:placedIn ?street

?district c:contains ?street . }

In order to run the query, the following steps have to be executed:

e Create a new configuration Object, specifying an implementation of continuousEngine
which uses Esper (http://esper.codehaus.org/), Sesame as sparqiengine,

and EsperSimpleTranslator @S Translator.

Configuraton conf = new Configuration();

conf.setContinuousEngine (‘‘eu.larkc.cspargl.continuous.api.esper.
EsperEngineImpl’’);

conf.setSparglEngineEngine (' ‘eu.larkc.csparqgl.spargl.api.SesameEngineImpl’
")

conf.setTranslator ('‘eu.larkc.cspargl.core.EsperSimpleTranslator’’);

o Create a new instance of csparqlingine.
Two new instances of spargiEngine and continuousingine are created, based on the
configuration of the pipeline.

‘ CSparglEngine engine = new CSparglEngine (conf);

e Call the method 1nitialize (), which initializes also the instances of

‘ engine.initialize();

SparglEngine and ContinuousEngine.

e Register the query with the registerouery () method.

CSparglQueryProxy resultProxy = engine.registerQuery (‘‘SELECT DISTINCT °?
district ?car [...]"");

Internally, the following operations are executed:

— The instance of espersimplerransiator splits the query in a continuous and a

SPARQL one:

SELECT subject, predicate, object, timestamp from StreamlO04.win:time (300 sec)
output snapshot every 300 seconds

and

SELECT ?district ?car

WHERE { ?tollgate t:registers ?car
?tollgate c:placedIn ?street
?district c:contains ?street . }

respectively.

— The continuous query is registered on continousengine. As result, an opservanie
RDFSnapshot is returned.

— The sparqiengine observes the snapshot and, everytime it changes, executes
the related SPARQL query against it.
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— The results, formatted accordingly to the query, are returned to cspargiengine.

® rcgisterguery () method invocation returns a cspargloueryproxy object, which is

Observable.

e Create a new instance of a Rresultrormatter, like N3Formatter to attach to the

CSparglQueryProxy.

N3Formatter formatter = new N3Formatter ();
resultProxy.addObserver (formatter) ;

e Output the results of the resultrormatter.
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