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Abstract. In this report we address the problem of scalable query processing over Linked Stream
Data integrated with Linked Open Data. Linked Stream Data consists of data generated by stream
sources, e.g., sensors, enriched with semantic descriptions, following the standards proposed for
Linked Data. This will enable the easy integration of sensor data with the quickly growing amount
of Linked Open Data and facilitate the use of the large body of existing software along with a wide
range of novel applications. However, the highly dynamic nature of sensor data requires new ap-
proaches for data management and processing which are not supported by existing systems. To
remedy this, we present our Continuous Query Evaluation over Linked Streams (CQELS) approach
which provides a scalable query processing model for unified Linked Stream Data and Linked Open
Data. Scalability in CQELS is achieved by applying state-of-the-art techniques for efficient data
storage and query pre-processing, combined with a new adaptive cost-based query optimization al-
gorithm for dynamic data sources, such as sensor streams. In traditional Database Management
Systems

(DBMS), query optimizers use pre-computed selectivity values for the data to decide on the best
execution plan, whereas with continuous query over stream data the data — and consequently its
selectivity values — varies over time. This means that the optimal execution plan itself can vary
throughout the execution of the query. To overcome this problem, the CQELS query optimizer re-
tains a subset of the possible execution plans and, at query time, updates their respective costs and
chooses the least expensive one for executing the query at this given point in time. We have imple-
mented CQELS and our experimental results show that CQELS can greatly reduce query response
times while scaling to a realistically high number of parallel queries.
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1 Introduction

In the past years, sensors have become ubiquitous, for instance in mobile phones (accelerometer, compass,
GPS, camera, etc.), in weather observation stations (temperature, humidity, etc.), in the health care domain
(heart rate, blood pressure monitors, etc.), in devices for tracking people’s and object’s locations (GPS,
RFID, etc.), in buildings (energy measurement, environmental conditions, etc.), cars (engine monitoring,
driver monitoring, etc.), and in the Web at large, with online communities such as Twitter and Facebook
delivering (typically unstructured) real-time data on various topics (RSS or Atom feeds, etc.). The raw
nature of the data produced by sensors — that is, the basic readings, without any metadata attached to it —
limited the use of sensor networks to specific applications domains. Typically applications are still custom-
built for specific cases and are to be classified as “information stovepipes”, i.e., integration of sensor data
with other data sources is still a difficult and labour-intensive task, which currently requires a lot of “hand-
crafting”.

Only recently, there have been a lot of efforts to lift sensor data to a semantic level, for example, by the
W3C Semantic Sensor Network Incubator Groupl, Semantic Streams [38], Semantic System S [11], and
Semantic sensor web [32]. These projects make sensor data available following the Link-ed Data princi-
ples [9], a concept known as Linked Stream Data [31]. Linked Strem Data aims at the seamless integration
of sensor data with other data sources, such as found in the Linked Open Data (LOD) cloud and enabling a
range of new, “real-time” applications, while also making this data accessible to the wide range of existing
software. Exposing stream data according to Linked Data standards seems to be a promising way to “un-
derstand” this information through semantic enrichment. It can be easily integrated with existing data sets
using established standards especifically designed for query-processing, and generally makes information
accessible in a way which furthers its re-use and integration with data sets currently unthought of.

Experiments, such as the Live Social Semantics experiment [2], have already demonstrated the potential
benefits of correlating physical data from sensors and social relationships from other data sources. By
combining data from Active RFID tags worn by people during a conference and their online profile, the
system was able to offer services to conference attendees to enhance their social experience, including the
spatial visualisation of contact data. Taking this idea a step further by involving more users and more
sensors, for example, GPS location from mobile phones and social interactions seems to be a logical next
step. Projects, such as NoiseTube? which re-purposes existing infrastructure (mobile phone’s microphone
for environemntal noise measurement), have already created large semantic data sets (in Knowledge Markup
Language, KML) which provide an invaluable source of information to city planners. These are just two
prominent examples for two specific domains. The number of projects and the amount of data they generate
is currentlty growing at an exponential rate.

However, the realization of such applications bears a couple of significant challenges, including:

e Data is distributed: data collections are stored at or streamed from different sources across the world.

e Data is heterogeneous: although represented in a format that can be integrated, data is still heteroge-
neous and this has to be considered when processing it. This applies to the instance as well as to the
schema level.

e Data is produced in real-time: sensors can stream data at high rates. While for “traditional” sensors
this is obvious, it applies to many systems on a general basis, for instance, Twitter has reached the

"http://www.w3.0rg/2005/Incubator/ssn/
Zhttp://noisetube.net/
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mark of 50 million tweets per day.

e Data collections are large: the Linked Open Data cloud contains, at time of this writing, 20 billion
triples. In particular, for example, DBLP? has more than 170 million triples, and LinkedGeoData* has
more than 1 billion triples.

Current attempts in combining sensor and Linked Open Data suffer from scalability problems (for ex-
ample, the Live Social Semantic experiment involved only 139 conference attendees), and therefore such
solutions are not suitable for large-scale applications. Also, the real-time nature of data is often not covered
and the generated data sets frequently are not available online but only offline through normal download
specificially due to the lack of efficient query processing.

In this paper we address the problem of scalable query processing over Linked Stream Data integrated
with Linked Open Data. We present our Continuous Query Evaluation over Linked Streams (CQELS)
approach, an unifying processing model for scalable continuous query evaluation over combined Linked
Stream Data and Linked Open Data. Scalability in CQELS is achieved by applying state-of-the-art tech-
niques for efficient data storage and query pre-processing, as well as by deriving an adaptive cost-based
query optimization algorithm for dynamic data sources, such as streams. Contrary to traditional query op-
timizers, where pre-computed selectivity values for the data are used to decide on the best execution plan,
our CQELS query optimizer keeps a subset of the possible execution plans and, at query time, updates their
respective costs and chooses the least expensive one for executing the query. We have implemented CQELS
and show through experimental evaluation that our model achieves great performance in terms of query
response time while scaling to a realistically high numbers of parallel queries.

The remainder of this paper is organized as follows: We start with a review of related work in Section 2.
Based on this, Section 3 introduces our unifying model for integrating Linked Stream Data and LOD, and
presents the query model and evaluation used. The data storage and query pre-processing techniques are
described in Section 4, and our adaptive cost-based query optimizer is presented in Section 5. The experi-
mental results are presented and discussed in Section 6. Section 7 concludes the paper and highlights some
planned future work.

2 Related Work

In the context of the Semantic Web a reasonable amount of work on storage and query processing for
Linked Data is available, for instance, Sesame [12], Jena [39], RISC-3X [26], YARS2 [20], and Oracle
Semantic [14]. Most of them focus on scalability in terms of size of the dataset and query complexity.
They typically assume that the data changes infrequently, and scalability is obtained by carefully choosing
appropriate data structures and by building complex indexes. Such systems are not suitable for applications
involving stream data which per definition includes a high number of updates. The Berlin SPARQL bench-
mark> shows that the throughput of a typical triple store is less than 200 queries per second, while in stream
applications continuous queries need to be processed every time there is a new update in the data, which
can occur at rates of 1000 to 10,000 (in certain cases even up to 100,000) updates per second. Nevertheless,
some of the techniques and data design principles from triple stores are still useful for scalable processing
of Linked Stream Data, for instance physical data organization [1, 12, 39], indexing schema [14, 20, 26].

3http://dblp.13s.de/dblp++.php
*http://linkedgeodata.org/
Shttp://www4.wiwiss.fu-berlin.de/bizer/BerlinSPARQLBenchmark/
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Data stream management systems (DSMSs) such as

STREAM [3], Aurora [13], and TelegraphCQ [23] were built to overcome limitations of traditional database
management systems in supporting streaming applications [17]. For that, they proposed new data models,
new query semantics, as well as new execution models. They have shown better performance compared
to traditional DBMS in the context of high volumes of updates. Even though they support join operations
between streams and static metadata, to the best of our knowledge, there has not been any performance
evaluation involving a large static datasets. In our scenario, the non-streamed linked datasets can contain
millions, even billions of triples. Therefore DSMSs are not suitable for processing unified Linked Stream
Data and Linked Open Data.

The idea of Linked Stream Data was introduced in [31], where user-friendly URIs were suggested for
identifying sensors and stream data, but there were already other approaches that aimed at using RDF and
SPARQL for representing and processing stream data. StreamSPARQL [10] and C-SPARQL [8] are two
most recent efforts in providing query languages to process RDF stream data. Both extend the SPARQL
query language [27] by introducing sliding window operators. While StreamSPARQL presents a rather
simple query evaluation model without taking into account performance issues, C-SPARQL proposes an ex-
ecution framework built of top of existing stream data management systems and triple stores. In C-SPARQL
continuous queries are divided into static and dynamic parts. The framework orchestrator loads bindings of
the static parts into relations, and the continuous queries are executed by processing the stream data against
these relations. C-SPARQL does not take into account large static data sets which can degrade the perfor-
mance of the stream processing considerably as we do in CQELS. Because both stream data management
and triple storage systems are used independently as “black boxes”, C-SPARQL cannot take advantage of
data storage and query pre-processing and optimization over the unified data but only separately as defined
in the underlying systems. Thus, C-SPARQL may miss out on additional potential for optimization.

Query optimization has been extensively studied in traditional database management systems (DBMS),
such as relational and XML systems [15, 29, 34]. Recently, also approaches to query optimization in the
Semantic Web context have been presented. In [30] the authors propose a hybrid cost-based query opti-
mization for the Semantic Web that applies traditional relational cost models for basic facts and an adaptive
sampling technique for estimating the cost of inferred facts. Vidal et al. [37] address the problem of effi-
ciently joining group patterns in SPARQL queries, where queries are partitioned into star-shaped groups,
i.e., groups of triple patterns with only one join variable appearing in each triple at the same position, and a
query optimization technique is applied to each group.

Whitehouse et al. [38] uses Prolog-based logic rules to represent the semantics of the sensor data stream
in the context of the Microsoft SensorMap project®. In [11] Bouillet et al. propose the use of the Web
Ontology Language (OWL) to represent sensor data streams, as well as processing elements for composing
applications from input data streams. This work is applied in the IBM stream process system, called System
S, a prototype of IBM InfoSphere Streams’. Along the same lines, the W3C Semantic Sensor Network
Incubator Group® brought experts from the Semantic Web and the Sensor Network community together
to look into standardization of the Semantic Sensor Web [7, 32] technologies which aims at annotating
sensor data with spatial, temporal, and thematic semantic metadata. Additionally, there are ongoing efforts
in reasoning overs stream data [36], fostering new paradigms for knowledge representation languages and
frameworks for stream reasoning oriented towards software architectures.

Shttp://atom.research.microsoft.com/sensewebv3/sensormap/
"http://www-01.ibm.com/software/data/infosphere/streams/
8http://www.w3.0rg/2005/Incubator/ssn/
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A. Linked Open Data cloud B. Query C. Linked Stream Data
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Figure 1: CQELS Processing Model.

3 Unifying Processing Model

Fig. 1 shows a conceptual view of Continuous Query Evaluation over Linked Streams (CQELS) which
proposes an unified processing model for data coming from both sensor streams and the Linked Open Data
cloud. As CQELS focuses on continuous queries — that is, queries that are registered in the system, and
executed every time new data matches their criteria — we consider the queries themselves as input parameters.

CQELS aims at efficient and scalable query execution. In order to accomplish this, there is a pre-
processing phase and an optimization phase, prior to the query execution. The pre-processing phase, de-
scribed in detail in Section 4, is responsible for representing and storing the data in a more compact format,
to facilitate the loading of larger amounts of data into memory at query execution time, and for storing
intermediate query results. In the optimization phase, described in detail in Section 5, the least expensive
execution plan out of a set of pre-computed plans, is chosen based on the current selectivity values, and
passed on to the execution module, which runs this query and returns the results.

The amount of pre-computation that is done in both pre-processing and optimization phases depends on
the update rate of the incoming stream. A slow update rate means that the current data is valid for a long
period, and the execution of the query on this data is expected to always deliver the same results most of
the time and updates are unlikely to arrive during the execution of the query. A high update rate means that
query results might vary each time the query is executed and updates are likely to arrive during the query
execution and would have to be considered.

In the following, we first describe the underlying query model and the physical operators used to execute
the queries. We focus on the query operators needed for continuous query processing, namely the ones
concerned with the temporal aspect of the queries, and reuse operators defined in SPARQL [27] and CQL [3].
Then, we show which physical operators are needed, how the query model is translated into these physical
operators, and how they are executed.
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3.1 Query Model

Our query model can be formalized by using similar notations as in RDF [18], SPARQL [27] and RDF
temporal [19]. They define the following three pair-wise disjoint infinite sets I, B, and L as the domains of
Information Resource Identifiers (IRIs), blank nodes and literals, respectively. Moreover,
IL=IU L,IB=IU Band IBL=I UBU L
are unions of two or more of the domain sets. They also denote a triple
(s,p,o)e IB x I x IBL

as an RDF triple, and an RDF graph is a set of RDF triples. A temporal triple is an RDF triple with a
temporal label ¢, and it is represented as (s, p,0) : [t], ¢t € N. We use ¢ € N to indicate a logical timestamp
to facilitate ordered logical clocks for local and among distributed data sources as done by classic time-
synchronization approaches [22]. The issue of distributed time synchronization is beyond the scope of this
paper and we assume that there are existing approaches, e.g., [24, 16], for this to be in place.

A temporal graph is a set of temporal triples. A RDF stream, G , is a temporal graph with a potentially
infinite number of temporal triples, where T is a discrete, ordered time domain. For a temporal graph G”
we define its snapshot at time ¢ as a RDF graph.

GY(t) = {(s,p,0)|(s,p,0) : [t] € G}
Similar to [3] we have sliding window operators defined over infinite RDF streams that output a finite

RDF graph that is then processed by the graph pattern operators defined later. A sliding window operator,
w, over GT will produce a finite subset of triples as follows:

w(GT) =Use, GT (1)
Let V be an infinite set of variables disjoint from the domain sets. We extend the list of graph patterns

given in [27] by adding a pattern for aggregation queries. Therefore, we have a total of four graph patterns,
which are:

1. Atuple from (ILUV) x (IUV) x (ILUV)is a graph pattern (a triple pattern).

2. If P; and Py are graph patterns, then (P; AND P3),(P; OR P3) and (P; UNION P5) are also graphs
patterns.

3. If P is a graph pattern and R is a SPARQL built-in condition, then the expression (P FILTER R) is a
graph pattern.

4. If P is a graph pattern and A is a aggregation over P, then the expression (P AGG A) is a graph pattern.

The semantics of the operators on graph patterns are defined via the concept of mapping. A mapping u
from V to T is a partial function

w:V—IBL.

For a given triple pattern 7, the triple obtained by replacing variables within 7 according to u is denoted
as p(7). The domain of x, dom(u), is the subset of V where y is defined. Two mappings 1 and pg are
compatible if the following holds:

pi(x) = po(x) Vo e dom(ui) Ndom(pse).

Let 2; and €2, be two mapping sets. We define the join, union, difference and left outer-join operators

over 27 and Q9 as
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Q1 Qo = {p1 U po|pr € Q1, p2 € Q9 are compatible}
QLUQy = {,u\,ul e Vpug € QQ}

D\ Qo ={ue NV € Qq, pand i are not compatible }
DIy = (Ql > Qg) @] (Ql \ Qg)

In addition, we also employ relational aggregation operators [15] to define aggregation operators on

mapping sets. We denote AGG((2) 4 as the set of mappings generated from applying the aggregation function
A over (). Finally, we define [[.]] as the function which takes a graph pattern as input and returns a set of
mappings.

Our query model can now be represented as a recursive definition of the operators described so far as

follows:

- Nlla = {pnldom(p) = var(r) A u(t) € G}, where var(7) is the set of variables occurring in triple

pattern 7.

- [Py AND Pyl = [[Pr]]e > [[P]le

- [ OPT Ryl = [[Pillc 2 [[P]le

[P UNION ]| = [[Pi]]c U[[P2]]e
[P FILTER R]|¢ = {i € [[P]]la|n E R}, where u E R if u satisfies condition R.

[P AGG Alle = AGG([[P]lc)a

[Plluary = Urew [Pllar @)

With the seven rules above we can now extend SPARQL to support continuous queries. In this paper, we

extend SPARQL 1.1° with keywords for sliding window operators, similar to [8]. We provide four example
queries to illustrate this:

Q1:
Q2:

Q3:

Q4:

Peoples’ location in the last 30 seconds, including locations and peoples’ names.

Notify two people who are co-authors of a paper if they are in the same location (within the last 30
seconds), including the names of the location and both people.

Notify two people who have a citation relationship, i.e., cite each other, if they are in the same location
(within the last 30 seconds), including the names of the location and both people.

Notify a person about the author who, among all people at a location location, he cites the most.

Figure 2 shows how to express these four queries using our query model, where http://deri.org/locstreams

is the URI of the stream source with peoples’ locations, http://deri.org/localization/ is the graph that contains
meta-data about locations (e.g, name, description, etc.), the default graph contains information about authors
and their publications, and RANGFE and NOW are window operators.

*http://www.w3.0org/TR/sparql1 1-query/
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Q1

SELECT ?name ?locName
FROM NAMED <http://deri.org/locstreams> [RANGE 30 seconds] as ?1s30
WHERE {
GRAPH ?1s30 {?person loc:at ?loc}.
GRAPH <http://deri.org/localization/>{?loc loc:name ?locName}
?person foaf:name ?name.

-
(
SELECT 2authorlName ?author2Name ?locName
FROM NAMED <http://deri.org/locstreams> [NOW] as ?lsnow
FROM NAMED <http://deri.org/locstreams> [RANGE 30 seconds] as ?1s30
WHERE {
GRAPH ?lsnow {?personl loc:at ?loc}.
GRAPH ?1s30 {?person2 loc:at ?loc}.
GRAPH <http://deri.org/localization/>{?loc loc:name ?locName}
?personl dc:creator ?paper.?person2 dc:creator ?paper.?personl foaf:name ZauthorlName.?person2 foaf:name ?author2Name.
}
r

Q3

SELECT ?2authorlName Zauthor2Name ?locName
FROM NAMED <http://deri.org/locstreams> [NOW] as ?lsnow
FROM NAMED <http://deri.org/locstreams> [RANGE 30 seconds] as ?1s30
WHERE {
GRAPH ?lsnow {?personl loc:at ?loc}.
GRAPH ?1s30 {?person2 loc:at ?loc}.
GRAPH <http://deri.org/localization/>{?loc loc:name ?locName}
?pl dc:creator ?personl .?p2 dc:creator ?person2
{
{?pl dcterms:references ?p2} UNION {?p2 dcterms:references ?pl}
}

?personl foaf:name ?authorlName.?person2 foaf:name ?authorZName.

Q4

SELECT ?personl ?person2 max (?numPub)
FROM NAMED <http://deri.org/locstreams> [NOW] as ?lsnow
FROM NAMED <http://deri.org/locstreams> [RANGE 30 seconds] as ?1s30
WHERE {
GRAPH ?lsnow {?personl loc:at ?loc}.
GRAPH ?1s30 {?person2 loc:at ?loc}.
{ SELECT <?personl ?person2 (count (?p2) AS ?numPub)
WHERE {
?pl dc:creator ?personl .?p2 dc:creator ?person2. ?pl dcterms:references ?p2
}
GROUP BY ?personl 2person2
}
}
GROUP BY ?person2

Figure 2: Sample queries in CQELS’s query model.

3.2 Query evaluation

When a query arrives in the system, it is first translated into the corresponding query graph model and then
the query graph model is represented as a sequence of pre-defined physical operators. In the CQELS model
a query can be expressed as a sequence of the physical operators listed in Table 1.

The stream access operator is responsible for feeding the data into the sliding window buffer, which is
in turn controlled by the sliding window operator, that also defines the size and duration of the window. The
details of how the sliding window is implemented can be found in [3, 13]. The “mapping scan” operator
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Operator Description

Stream access Receives data from stream

Sliding window  Builds a mapping set from snapshots of stream data

Mapping scan Accesses the pre-computed mapping set of a static graph pattern
Join Joins two sets of mappings

Left outer join Left outer-join of two sets of mappings

Projection Projects a set of mappings on a subset of its variables

Filter Filters the mappings that satisfy a given condition
Aggregation Builds aggregated mappings from a mapping set

Table 1: Physical operators of CQELS.

provides the interface to iterate over the pre-computed data. The remaining operators, “join”, “left outer
join”, “projection”, “filter” and “aggregation”, are implemented similarly to traditional database manage-
ment systems.

To execute queries we use the adaptive query evaluation approach proposed in [6], where a routing
policy which is built based on the query graph model [21] controls the flow of the input mappings through
the various operators. This approach enables our query optimizer, discussed Section 5, to dynamically

change the execution order at runtime.

4 Pre-processing

In order to accomplish efficient and scalable query execution in CQELS, there is a pre-processing phase and
an optimization phase, prior to the query execution, In the pre-processing phase we (i) parse the data and
store it in a more compact format, thus supporting faster access, and (ii) pre-compute intermediate query
results that are likely to be reused in multiple executions of the query, thus reducing query latency.

4.1 Data Storage

When processing the data, disk reads/writes are generally the most expensive operations. In the context of
very large linked data sets, it is highly likely that the data being processed will not fit in the machine’s main
memory and intermediate results need to be stored on the disk and be loaded back into memory later for
further processing. Minimizing such read/write operations is therefore one of the main goals of the design
of our model. To give a concrete example, suppose that we want to process the following graph pattern

?person loc:at ?loc. ?person foaf:name ?name

which joins data from two sources, a basic and common operation in query processing. We also assume
that the triple pattern

?person loc:at ?loc
comes from a sensor data source that is continuously streaming data and
?person foaf-name ?’name

comes from a linked data source, where ”person is a URI and ?name is a text string. The straightfor-
ward approach, which is used in current systems such as C-SPARQL, is to load results of these two patterns
into a relational stream (7person, 7loc) and into a static relation (?person Tname), and execute the query
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continuously. Unfortunately, not only the relation (?person ?name) contains millions of records but also
the size of each record is big. Therefore, such a simple join would generate a large number of read/write
operations.

To address this problem we employ dictionary encoding, a mtehod which is commonly used by triple
stores [1, 14, 12]. Node values such as URIs, blank nodes and literal string values are mapped to integer
identifiers. By using this approach, the encoded version of the static relations like the one mentioned above
is considerably smaller than the original one, allowing more data to fit into memory. Moreover, dictionary
encoding also allows faster processing, since integer comparisons are cheaper.

In the case of the more dynamic data sources, with new records entering the system at high rates,
keeping a dictionary might be costly. In particular, if the dictionary cannot be kept in memory, updates
will involve read/write operations, which brings us back to the original problem. Therefore, we have to
determine whether or not to build dictionaries. In the CQELS model we encode data coming from LOD
collections, which are expected to be less frequently updated, and we skip numbers, since they do not
provide a significant gain in space.

4.2 Pre-processing of Intermediate Query Results

In continuous query processing, every time a new record that is relevant to the query is inserted in the
system, the query has to be re-executed to deliver the new result. For instance, in query Q2, whenever a
new person enters the location we have to execute the operation that checks if that person has co-authored a
paper someone in that same location, and if this is indeed the case, return the new result to the relevant users.
During query execution, part of it simply computes the list of co-authors of the user, which is independent of
the event of a new person entering the location. For speeding up query processing, our approach identifies
sub-queries whose results will not vary during the duration of the continuous query, and pre-computes these
results, which can be reused every time the query needs to be executed. In addition, we also build indexes
for faster access to the pre-computed partial results.

Detecting the update rate of a collection is an open problem. For the remainder of this paper we will
assume that sub-queries involving only LOD collections are quite likely to produce the same results through-
out the lifetime of a query. This is a reasonable assumption since a recent study has shown that the majority
of datasets in the LOD cloud are in fact rather static [35]. Therefore, for every query registered in the system
we pre-compute the graph patterns derived from the LOD sources. For example, in the case of the query
mentioned above, the following graph pattern can be pre-computed:

?personl dc:creator ?paper. ?person2 dc:creator ?paper,

which is a self-join on the triple pattern { ?person dc:creator ?paper}.

For faster access during query execution, the result of this triple pattern can be stored in a two column
relation [1]. For the indexes, we keep B+-trees on the keys that are used in the join operators. Additionally,
only two variable bindings, <?personl, ?person2 >, of the above graph pattern are used in other parts of
the query, thus we can also pre-compute the self-join of <?person, ?paper > and store it in a indexed table
as a frequent path, similar to [26].

For the more dynamic data, such as Linked Stream Data, the costs of maintaining such indexes might
be prohibitively high to justify their use. We are aware that LOD collections can eventually change, but it
is reasonable to assume that changes occur at a much slower pace, and the cost of re-computing the inter-
mediate results and re-building the indexes are acceptable. Dataset dynamics characteristics, for example,
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annotations with the Dataset Dynamics vocabulary'® could be exploited to perform an incremental update
on pre-computed data, which we plan to explore as future work.

5 Adaptive Cost-based Optimization

In traditional database management systems, the query optimizer typically computes the optimal query plan
in the query compiling phase. It uses the distribution of the data at compile-time to define the order of the
physical query operators. In contrast, for stream data, this optimizing technique does not yield satisfying
results, as the distribution of the data changes during run-time.

In order to illustrate this, we revisit query Q2 with the example data shown in Figure 3. Q2 creates two
sliding windows, [RANGE 30s] and [NOW], on the location stream S. The data from these two windows
is shown in Figures 3(a) and 3(b). Further, Figure 3(c) depicts the output mapping set of the co—author
static graph pattern

?personl dc:creator ?paper. ?person2 dc:creator ?paper.

mf?’mm M%ﬂ
Wiou(1002) | 1002 2 loc2 1992 (002 2 loc2
W0u(1001). 1001 1 loct =100 [ 1001 1 loc1

s [NOW] W304(1002)) 1000 4 loc3
( ) 999 5 locl
C
W305(1001) 998 6 locl
[ person1 | person2 | . (= , ol
2 3
S [RANGE 30s]
2 4
2 5
2 6 (d) (e)
3 4
P: co-author
W305(1001) P
W,0w(1001) P Woow(1002)  W54,(1002)
Best query plan at t=1001 Best query plan at t=1002

Figure 3: Examples of dynamically optimal query plans.

Attime t=1001, the best order to execute the query is shown in Figure 3(d), since person ‘1’ does not
author any paper. However, at t=1002, this same plan will lead to many intermediate results that will not
contribute to the final answer. In this case, a better way to execute the query is shown in Figure 3(e). Hence,
standard query optimizers are not suitable for stream data processing and we need an algorithm that is able
to suggest different query plans at query run time to reflect updates of the data in the data streams. In the
following, we introduce our adaptive cost-based optimizing algorithm to find such an optimal query plan at
run-time.

http://purl.org/NET/dady
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A typical way to optimize a query is to try to reduce the number of intermediate results produced by
physical operators in the query plan by looking at the selectivity and the cardinality of the input data of a
physical operator [15, 33]. In the case that the input comes from a data stream these two values are constantly
changing, so our algorithm has to adapt to these changes.

Let card(?) be the cardinality of a mapping set 2, and Q,—. = {u|p € Q A u(x) = ¢}. The selectivity
of the variable x bound to the value ¢ on the mapping set €2 is given by:

sely—c(Q) = 7ca5ffcsl2(§2:)c).

For each registered query, every time a mapping arrives or leaves the sliding window buffer, the operators
consuming that data are notified. Upon this notification, the corresponding cardinality and selectivity values
are updated: The values card(f2) and card(€2;—.) are increased or decreased by one, respectively, and
consequently, sel,—.(€2) is recomputed from these new values.

Each of the physical operators listed in Section 3.2 can be implemented in different ways, each having
an associated cost function. Let Q) be an implementation of a physical operator. Its cost is given by a
function ‘I>®(Ql, ), which depends on the cardinality of the binding variables. The join operator, for
example, can be implemented as a nested loop join or as an index join with a B-Tree index on the second
input. (€2)!" The costs for these two implementations are given below:

o Oy (Q1,Q2) = card()xcard(S2z), if K is a nested loop join

o e (21,02) = card(21)xloga(card(£22)), if @) is an index-join with a B-Tree index on {2y

We use dynamic programming for searching the optimal query plan similar to System R [5]: Let F be
the null graph pattern where [[Py]] = () (empty mapping set). Let P; be a graph pattern and P, a graph
pattern or a null graph pattern. An evaluation of a graph pattern P can be transformed as

[P]) = [[A]IQI[F2]]

The set of transformation rules for a graph pattern P is given by [28] as

3(P) = {(F, @, B)I[[P]] = [A]IQ[[P2]]}-

The optimizing function ¥ is then defined recursively as:
U(Py) =0

U(P) = 0: Pis a static graph pattern

U(P) = 0: Pis adynamic triple pattern

V(P) = min{yg (P, P2)|(P1, &), P2) € 3(P)}

where Y (P1, P2) = Qg ([[P1]], [F2]]) + U (1) + V()

To avoid recursive re-computation of W(P), we use a bottom-up dynamic programming approach [25]
to maintain all U(P) and their associated sub-optimal query plans. Figure 4 shows the pseudo-code of
CQELS’s adaptive cost-based optimizing algorithm.

As soon as a new mapping arrives (i, +) or an existing mapping expires (u, —), both denoted in short as
(u, 1), it triggers the updateMapping function to update the selectivity and cardinality values. For each
new update, it calls the function propagateUpdatePhysicialCost to update the cost of executing
a physical operator ®g ([[P1]], [[P2]]) via the function physicalCost([[P1]], &), [/%]]). Then, the newly
computed @ ([[1]]; [/2]]) value is passed to the function triggerUpdateOptimal Plan to check if it
is necessary to update the current W(P) value and optimal plan, respectively denoted as ¥ (P).value and
U (P).plan.

L=

"'These are just two examples. Other implementations are also possible.



12 DERI TR 2010-09-27

void updateMapping(u, £){
for(P : war(P)Ndom(u) # 0){
card([[P]]) = card([[P]]) £ 1
for(zedom(u)) {
Card([[PH:czu(x)) - Card([[PH:czu(x)) +1

card([[Pllo=u(z))
selo_u(o) ([P])) = “araot

propagateUpdate PhysicalCost(P)

}

void propagateUpdate PhysicalCost(P,){
fOI((P1,®,P2) : (P1,®,P2) E%(P) A (Plzpu V PQZPu)){
O ([P, [[P2]]) = physicalCost([[A]], &, [[P2]])
triggerUpdateOptimal Plan(P, Py, Q), P»)

}

void triggerUpdateOptimal Plan(P, Pi, ), P2){
1E(@g ([P, [[P2]]) + ¥ (Pr).value + V(). value < W(P).value){
U(P).walue = @ ([P1]], [P2]]) + Y(P1).value + ¥ (Py).value
U(P).plan = (¥(Py).plan, Q), V(Py).plan)
if (P is not root graph pattern)
propagateSubOptimalUpdate(¥(P))

}

void propagateSubOptimalUpdate(V(Psyp)){
for((P1a®7P2) : (P17®7P2) S C\\f(P)) A (Pl - Psub \ P2 - Psub)){
triggerUpdateOptimal Plan(P, Py, Q), P»)
}

Figure 4: Adaptive cost-based optimization algorithm.
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6 Performance and Scalability Evaluation

In order to evaluate our CQELS model, we first built a system to be our baseline, which we named System
X, for stream data and LOD processing. System X is implemented along the same lines as C-SPARQL,
following the guidelines given by the Linear Road benchmark [4]. We then integrated our CQELS model on
top of the base system and measured the performance gain by applying our pre-processing and optimization
approaches. We had to provide our own implementation of a baseline system since it was not possible to
have access to any implementation of the other related systems. However, this does not pose a problem for
the evaluation of our model, since CQELS is designed to be integrated with any system implementation, and
the same performance gains as described below are to be expected for other baselines as well.

System X makes use of a triple storage and a DSMS, which are independent of each other, acting as
two black boxes. To process a query, System X first splits the query into a static part and a dynamic part.
In the query registration phase, the query engine translates the static part into a SPARQL query and then
directs it to the triple store to load the binding results into a relational database. In this evaluation, we use
MySQL on the same physical computer as the query engine. For the DSMS, we use the ESPER open source
implementation'?. ESPER provides a continuous query language to correlate data from the streams with
data stored in relational tables, which were generated from the static part. It further supports the use of a
least recently used (LRU) cache to store intermediate results from relational tables.

We then integrated our CQELS model, by adding the pre-processing phase and the query optimizer to
dynamically change the query plan. For the pre-processing we reused most of the building blocks from ES-
PER, with some straightforward modifications. We encoded the stream data using the encoding dictionary
(cf. section 4.1) before feeding it to the data processing component and modified the projection and join
operations of the ESPER system to make use of the indexes in the pre-computed data. From our observation,
even for simple queries (like query Q1), the large size of the DBLP dataset significantly affects the perfor-
mance of System X. To speed it up, we also allow System X to use the indexes on the join attributes that
were pre-computed before query execution. Moreover, for a fair comparison and to highlight the benefits
of the efficient data storage of the input data and our adaptive query optimizing algorithm, CQELS uses the
same physical query operators as System X, such as the data flow control and the sliding window operators.

6.1 Setup

We performed the evaluation of the CQELS model using the DBLP dataset provided by L3S'?. The dataset
was obtained in April 2010. It contains 170 million triples about authors and their publications. As dynamic
stream data we used an RFID-based tracking data set similar to the Live Social Semantic application [2].
The latter is provided by the Open Beacon community'* from active RFID tags. We have simulated streams
of location data from the data log recorded during the 24C3 conference on July 2007'3. After registering
the queries described in Section 3.1, we streamed the locations associated with the URIs of the authors in
the DBLP dataset. The experiments were executed on a standard PC with 2 AMD Opteron 250 processors,
Ubuntu 9.10/x86_-64, 4GB memory, 2 x 1TB storage, and JVM 1.6 with 1GB heap size.

http://esper.codehaus.org/

Bhttp://www.13s.de/web/page25g.do?kcond 1 2g.att1=1029

Yhttp://www.openbeacon.org/

Shttp://people.openbeacon.org/meri/openbeacon/
sputnik/data/24c3/
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We measured the performance of three implementations in terms of query execution time and scalability:
(1) System X as the baseline, (2) CQELS only with our pre-processing approach (without query optimiza-
tion), and (3) CQELS using both our pre-processing and adaptive cost-based optimization algorithm.

6.2 Results

In the first experiment, we measured the performance of the three implementations for the four queries
described in Section 3.1. These four queries cover all physical operators introduced in Section 3.2: Q1 is
used to evaluate the simple operation of joining stream data and static triple patterns. This query is also a
special case for the query optimizer, since it has only one possible query plan. Q2 contains typical multi-
way joins, and Q3 includes a UNION with joins between static and stream relations which are commonly
used to show the benefits of choosing a good execution plan by reordering join orders. The fourth query,
Q4, is a more complicated query with an aggregation, a very important operator for stream processing.

We registered each query in the system once for 30 minutes and once for 60 minutes. After registering a
query, we streamed the location data at rates of 1000 to 5000 updates per second. For each of these settings
we measured the execution time, i.e., the time it takes to deliver the query results. The execution times were
then averaged. Results are shown in Figure 5, in a logarithmic scale. In addition, for the CQELS model, we
also report on the time spent in the optimizing phase, i.e., the time needed for updating the cardinality of
the input data, re-computing the costs of the query plans, and deciding on the optimal plan (shaded areas in
Figure 5).

1
System X
i CQELS without query opt. == _
10000 CQELS ==
Optimizing time EX=Y 2305

106

1000

Execution Time in ms (logscale)
°

o
4

0.001

0.0001

e}l Q2 Q3 Q4
Query Type

Figure 5: Execution time (in ms) for four different query.

We can see that the pre-processing module of CQELS alone already outperforms System X by a large
margin. For Q1, the pre-processing phase improves the execution time by 300% on average, compared to
System X. As we mentioned earlier, this query is a particular special case for the query optimizer, since
there is only one execution plan, therefore the query optimizer does not lead do any further improvement.

For Q2, Q3, and Q4, the query execution with the pre-processing is over 8 times faster. In particular,
for Q3, the execution time is about 11.5% in average of the original time needed by the baseline. With
the addition of the optimization algorithm the execution time for these three queries is roughly cut by half.
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Compared to System X, the execution time of query Q3 with our CQELS model is only 6% of the original
time. We can also see that the costs of having an adaptive cost-based query optimizer are low (please keep
in mind the logarithmic scale used in Figure 5), and it leads to a higher improvement. This confirms the

benefits of the approaches we have suggested.
To measure scalability, we tested how our CQELS model handles the simultaneous execution of multiple

queries. We modified our four queries as follows:

e QT’: Notify an author where he or she is located (i.e., return the location’s name).

e Q2’: Notify an author when someone cited by him or her is in the same location, returning that

persons’ names.

e Q3’: Notify an author when ‘interested authors’ are in the same location, where ‘interested authors’
include his co-authors and people he or she cited.

e (Q4’: Notify an author about the name of the place where the highest number of authors cited by him
or her are located.

Figure 6 shows these queries. For each of these queries we varied the number of concurrent query
instances in the system from 10 to 5000, each instance corresponding to a different person issuing the query.
Figure 7 shows the average execution times of the multiple query instances (on a logarithmic scale). In
addition, Tables 2 and 3 show the values obtained. The numbers for Q3’ and Q4 were omitted since they

are similar to those of Q2’.

No. Queries | System X | CQELS w/o opt. | CQELS

No. Queries | System X | CQELS 10 302 116 64

10 4.8 1.2 100 778 215 105

100 12.3 1.9 200 892 274 129

200 18.8 3.8 300 956 358 153

300 34.6 4.2 500 1105 484 225

500 51.3 7.4 1000 3486 872 420
1000 90.4 14.5 1200 5120 961 456
2000 235.3 25.6 2000 - 1523 699
3000 685.3 41.3 3000 - 2368 1070
4000 1356 54.9 4000 - 2974 1403
5000 3567 70.1 5000 - 3688 1551

Table 2: Execution times (ms) for Q1°. Table 3: Execution times (ms) for Q2’.

We can see that our approach scales well with the number of queries, and that the performance of System
X degrades quickly. For Q1, the average execution time is over 50 times faster with our CQELS model,
for 5000 queries running in the system. For the remaining three queries we again observed a significant
reduction in the execution times through the CQELS model, with the optimization phase delivering on
average a performance twice as fast as having only the pre-processing step in place. Moreover, System X
was not able to handle more than 1200 queries, resulting in a heap overflow error.
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Qt’

SELECT ?name ?locName

FROM NAMED <http://deri.org/locstreams> [RANGE 30 seconds] as ?1s30
WHERE {

GRAPH ?1s30 {?person loc:at ?loc}.

GRAPH <http://deri.org/localization/> {?loc loc:name 2locName}

?person foaf:name "$Author Names$".

Q2’

SELECT ?citedAuthorName
FROM NAMED <http://deri.org/locstreams> [NOW] as ?lsnow
FROM NAMED <http://deri.org/locstreams> [RANGE 30 seconds] as ?1s30
WHERE {
GRAPH ?lsnow {<:anAuthor> loc:at ?loc}.
GRAPH ?1s30 {?citedAuthor loc:at ?loc}.
?citedAuthor foaf:name ?citedAuthorName.
?pl dc:creator ?anAuthor. ?anAuthor foaf:name "$Author Name$". ?p2 dc:creator ?citedAuthor.?pl dcterms:references ?p2.

Q3

SELECT ?interestedAuthorName ?locName
FROM NAMED <http://deri.org/locstreams> [NOW] as ?lsnow
FROM NAMED <http://deri.org/locstreams> [RANGE 30 seconds] as ?1s30
WHERE {
GRAPH ?lsnow {?personl loc:at ?loc}.
GRAPH ?1s30 {?person2 loc:at ?loc}.
GRAPH <http://deri.org/localization/>{?loc loc:name ?locName}
?anAuthor foaf:name "$Author Name$".
?interestedAuthor foaf:name ?interestedAuthorName.
{
{?pl dcterms:references ?p2.7?pl dc:creator ?anAuthor.?p2 dc:creator ?interestedAuthor}
UNION
{?p dc:creator ?anAuthor.?p dc:creator ?interestedAuthor}

Q4’

SELECT ?locName max (count (?citedAuthor))
FROM NAMED <http://deri.org/locstreams> [RANGE 15 seconds] as ?1s15
WHERE {
GRAPH ?1s15 {?citedAuthor loc:at ?loc}.
GRAPH <http://deri.org/localization/>{?loc loc:name ?locName}
?pl dc:creator ?anAuthor.?anAuthor foaf:name "$Author Name$". ?p2 dc:creator ?citedAuthor. ?pl dcterms:references ?p2.
}
GROUP BY ?loc

Figure 6: Modified queries for scalability tests.
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7 Conclusions

In this paper we addressed the problem of scalable query processing over Linked Stream Data integrated with
Linked Open Data. We presented our Continuous Query Evaluation over Linked Streams (CQELS) approach
which provides a scalable query processing model for unified Linked Stream Data and Linked Open Data.
Scalability in CQELS is achieved by applying techniques for efficient data storage and query pre-processing,
combined with a new adaptive cost-based query optimization algorithm for dynamic data sources, such as
sensor streams. The efficient data storage allows more data to fit into main memory, reducing the latency
caused by disk read/write operations. The query pre-processing computes intermediate results that are likely
to be valid throughout the duration of the query, avoiding unnecessary re-computations. The CQELS query
optimizer retains a subset of the possible execution plans and, at query time, updates their respective costs
and chooses the least expensive one for executing the query at this given point in time.

Our experimental results show that CQELS can reduce query response times by orders of magnitude
compared to related systems while scaling to a realistically high number of parallel queries. The paper
also shows how CQELS can enable the easy integration of sensor data with the quickly growing amount
of Linked Open Data, facilitating the use of the large body of existing software along with a wide range of
novel applications.

As future work we plan to research on how available metadata about the LOD cloud, such as provided
by voiD (Vocabulary of Interlinked Dataset) descriptions'® along with dataset dynamics characteristics, for
example, annotations with the Dataset Dynamics vocabulary!”) could be exploited to determine the update
rates of datasets. We also plan to look at adaptive caching mechanisms which can work with our query
optimizer. In the context of sensor data, we will pursue a “share nothing” approach which will enable the
use of Grid and Cloud computing approaches to scale CQELS to very large numbers of sensors.
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