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Main Idea 

§  an approach to  
Data integration 

§  ontology  
§  provides a common schema 

over several DBs 

§  mediates data  
and data consumers  

§  mappings 
§  “connect” ontology  

and DBs 

§  virtual data integration approach  
§  data stays where it was 

§  data transferred to consumers on demand 

§  automatic query processing: semantic queries à data queries 

Ontology Based Data Access 
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Success Stories  
OBDA systems 

§  Include: 
D2RQ, Mastro, morph-RDB, Ontop,  
OntoQF, Ultrawrap, Virtuoso, Optique 

§  Implement from some  
to all OBDA features 

 
OBDA has been applied 

§  cultural heritage 

§  governmental organizations   

§  Industry 
§  Statoil 

§  Siemens 

§  E-commerce  
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Hard case for OBDA 
Siemens turbine monitoring example:  

§  Detect alerting temperature behavior 

§  Can be done by queries that ask for  
§  reliable sensors reporting alerting temp. (patterns) 

 
Terminology 

§  Reliable: good avg. score (>=90%) of validation tests  

§  Alerting: similar to what we saw last year  
when there was an alerting situation  

§  Similar: Pearson correlated by at least 0.75 
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towards analytical tasks that are naturally based on data aggregation and correlation.
Moreover, they offer a limited or no support for queries that combine streaming and static
data. A typical scenario that requires both analytics and access to static and streaming
data is diagnostics and monitoring of turbines in Siemens.

Siemens has several service centres dedicated to diagnostics of thousands of power-
generation appliances located across the globe [21]. One typical task of such a centre is
to detect in real-time potential faults of a turbine caused by, e.g., an undesirable pattern in
temperature’s behaviour within various components of the turbine. Consider a (simplified)
example of such a task:

In a given turbine report all temperature sensors that are reliable, i.e., with
the average score of validation tests at least 90%, and whose measurements
within the last 10 min were similar, i.e., Pearson correlated by at least 0.75, to
measurements reported last year by a reference sensor that had been functioning
in a critical mode.

This task requires to extract, aggregate, and correlate static data about the turbine’s
structure, streaming data produced by up to 2,000 sensors installed in different parts
of the turbine, and historical operational data of the reference sensor stored in multiple
datasources. Accomplishing such a task currently requires to pose a collection of hundreds
of queries, the majority of which are semantically the same (they ask about temperature),
but syntactically differ (they are over different schemata). Formulating and executing so
many queries and then assembling the computed answers take up to 80% of the overall
diagnostic time that Siemens engineers typically have to spend [21]. The use of ODBA,
however, would allow to save a lot of this time since ontologies can help to ‘hide’ the
technical details of how the data is produced, represented, and stored in data sources, and
to show only what this data is about. Thus, one would be able to formulate this diagnostic
task using only one ontological query instead of a collection of hundreds data queries
that today have to be written or configured by IT specialists. Clearly, this collection of
queries does not disappear: the OBDA query tranformation will automatically compute
them from the the high-level ontological query using the ontology and mappings.

Siemens analytical tasks as the one in the example scenario typically make heavy use
of aggregation and correlation functions as well as arithmetic operations. In our running
example, the aggregation function min and the comparison operator � are used to specify
what makes a sensor reliable and to define a threshold for similarity. Performing such
operations only in ontological queries, or only in data queries specified in the mappings is
not satisfactory. In the case of ontological queries, all relevant values should be retrieved
prior to performing grouping and arithmetic operations. This can be highly inefficient,
as it fails to exploit source capabilities (e.g., access to pre-computed averages), and
value retrieval may be slow and/or costly, e.g., when relevant values are stored remotely.
Moreover, it adds to the complexity of application queries, and thus limits the benefits of
the abstraction layer. In the case of source queries, aggregation functions and comparison
operators may be used in mapping queries. This is brittle and inflexible, as values such
as 90% and 0.75, which are used to define ‘reliable sensor’ and ‘similarity’, cannot be
specified in the ontological query, but must be ‘hard-wired’ in the mappings, unless an
appropriate extension to the query language or the ontology are developed. In order to
address these issues, OBDA should become
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Q: return reliable sensors reporting alerting temp. 



Hard case for OBDA 
Important components of the query 

§  access to both static and streaming data  
§  Streaming: data currently produced by sensors 

§  Static: historic from last year; turbine structural data  

§  analytics  
§  Average score  

–  aggregate function 

§  At least 90% 

–  Value comparison 

§  Pearson correlation  
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towards analytical tasks that are naturally based on data aggregation and correlation.
Moreover, they offer a limited or no support for queries that combine streaming and static
data. A typical scenario that requires both analytics and access to static and streaming
data is diagnostics and monitoring of turbines in Siemens.

Siemens has several service centres dedicated to diagnostics of thousands of power-
generation appliances located across the globe [21]. One typical task of such a centre is
to detect in real-time potential faults of a turbine caused by, e.g., an undesirable pattern in
temperature’s behaviour within various components of the turbine. Consider a (simplified)
example of such a task:

In a given turbine report all temperature sensors that are reliable, i.e., with
the average score of validation tests at least 90%, and whose measurements
within the last 10 min were similar, i.e., Pearson correlated by at least 0.75, to
measurements reported last year by a reference sensor that had been functioning
in a critical mode.

This task requires to extract, aggregate, and correlate static data about the turbine’s
structure, streaming data produced by up to 2,000 sensors installed in different parts
of the turbine, and historical operational data of the reference sensor stored in multiple
datasources. Accomplishing such a task currently requires to pose a collection of hundreds
of queries, the majority of which are semantically the same (they ask about temperature),
but syntactically differ (they are over different schemata). Formulating and executing so
many queries and then assembling the computed answers take up to 80% of the overall
diagnostic time that Siemens engineers typically have to spend [21]. The use of ODBA,
however, would allow to save a lot of this time since ontologies can help to ‘hide’ the
technical details of how the data is produced, represented, and stored in data sources, and
to show only what this data is about. Thus, one would be able to formulate this diagnostic
task using only one ontological query instead of a collection of hundreds data queries
that today have to be written or configured by IT specialists. Clearly, this collection of
queries does not disappear: the OBDA query tranformation will automatically compute
them from the the high-level ontological query using the ontology and mappings.

Siemens analytical tasks as the one in the example scenario typically make heavy use
of aggregation and correlation functions as well as arithmetic operations. In our running
example, the aggregation function min and the comparison operator � are used to specify
what makes a sensor reliable and to define a threshold for similarity. Performing such
operations only in ontological queries, or only in data queries specified in the mappings is
not satisfactory. In the case of ontological queries, all relevant values should be retrieved
prior to performing grouping and arithmetic operations. This can be highly inefficient,
as it fails to exploit source capabilities (e.g., access to pre-computed averages), and
value retrieval may be slow and/or costly, e.g., when relevant values are stored remotely.
Moreover, it adds to the complexity of application queries, and thus limits the benefits of
the abstraction layer. In the case of source queries, aggregation functions and comparison
operators may be used in mapping queries. This is brittle and inflexible, as values such
as 90% and 0.75, which are used to define ‘reliable sensor’ and ‘similarity’, cannot be
specified in the ontological query, but must be ‘hard-wired’ in the mappings, unless an
appropriate extension to the query language or the ontology are developed. In order to
address these issues, OBDA should become
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Q: return reliable sensors reporting alerting temp. 



Existing OBDA 
Support 

§  static relational data/queries   

§  streaming data/queries  

§  but not both 
 

Are good for conjunctive queries but not for 

§  analytics  
§  epistemic semantic: analytics  

over “semantic” answers 

§  encoding in mappings 
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towards analytical tasks that are naturally based on data aggregation and correlation.
Moreover, they offer a limited or no support for queries that combine streaming and static
data. A typical scenario that requires both analytics and access to static and streaming
data is diagnostics and monitoring of turbines in Siemens.

Siemens has several service centres dedicated to diagnostics of thousands of power-
generation appliances located across the globe [21]. One typical task of such a centre is
to detect in real-time potential faults of a turbine caused by, e.g., an undesirable pattern in
temperature’s behaviour within various components of the turbine. Consider a (simplified)
example of such a task:

In a given turbine report all temperature sensors that are reliable, i.e., with
the average score of validation tests at least 90%, and whose measurements
within the last 10 min were similar, i.e., Pearson correlated by at least 0.75, to
measurements reported last year by a reference sensor that had been functioning
in a critical mode.

This task requires to extract, aggregate, and correlate static data about the turbine’s
structure, streaming data produced by up to 2,000 sensors installed in different parts
of the turbine, and historical operational data of the reference sensor stored in multiple
datasources. Accomplishing such a task currently requires to pose a collection of hundreds
of queries, the majority of which are semantically the same (they ask about temperature),
but syntactically differ (they are over different schemata). Formulating and executing so
many queries and then assembling the computed answers take up to 80% of the overall
diagnostic time that Siemens engineers typically have to spend [21]. The use of ODBA,
however, would allow to save a lot of this time since ontologies can help to ‘hide’ the
technical details of how the data is produced, represented, and stored in data sources, and
to show only what this data is about. Thus, one would be able to formulate this diagnostic
task using only one ontological query instead of a collection of hundreds data queries
that today have to be written or configured by IT specialists. Clearly, this collection of
queries does not disappear: the OBDA query tranformation will automatically compute
them from the the high-level ontological query using the ontology and mappings.

Siemens analytical tasks as the one in the example scenario typically make heavy use
of aggregation and correlation functions as well as arithmetic operations. In our running
example, the aggregation function min and the comparison operator � are used to specify
what makes a sensor reliable and to define a threshold for similarity. Performing such
operations only in ontological queries, or only in data queries specified in the mappings is
not satisfactory. In the case of ontological queries, all relevant values should be retrieved
prior to performing grouping and arithmetic operations. This can be highly inefficient,
as it fails to exploit source capabilities (e.g., access to pre-computed averages), and
value retrieval may be slow and/or costly, e.g., when relevant values are stored remotely.
Moreover, it adds to the complexity of application queries, and thus limits the benefits of
the abstraction layer. In the case of source queries, aggregation functions and comparison
operators may be used in mapping queries. This is brittle and inflexible, as values such
as 90% and 0.75, which are used to define ‘reliable sensor’ and ‘similarity’, cannot be
specified in the ontological query, but must be ‘hard-wired’ in the mappings, unless an
appropriate extension to the query language or the ontology are developed. In order to
address these issues, OBDA should become
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OBDA 2.0: for a Big company  
Big company 

§  data processing is analytics oriented  

§  has DBs of various kinds  

Should become: Analytics Aware 

§  by supporting declarative representations of 
basic analytics operations  

§  Requires: 
§  analytics aware  

–  ontologies, mappings, query languages  

capable of capturing analytical operators 

§  new Q. processing techniques to cope with them 

–  rewriting, unfolding 

 7 

City

Place
Sub-class Of

Country

Sub-class Of

Ocean
Sub-class Of

Disjoint with

analytics 
aware 
mappings 

analytics 
aware 
ontology 

Query 

Query 

Query 

new  
rewriting 

new  
unfolding 

analytics 
aware QL 



OBDA 2.0: for a Big company  
Should become: Source and Cost Aware 

§  by supporting data sources of various types 
§  live and archived streams 

§  relational DBs  

§  other DBs 

§  by offering a robust  
§  query planning  

§  query optimization  

for estimating the cost of different plans,  
and use such estimates to produce low-cost plans 
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Outline: Overview of Our OBDA 2.0 
 
Analytics Aware  
§  Ontologies 
§  Queries 
§  Mappings 
§  Query transformation 

§  Ontology à Data queries 
 
 
 
 
Analytics, Source, and Cost Aware 
§  Query planning and optimisations  
§  Experiments 
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Analytics Aware Ontology: DL-Liteagg 

Main Ideas 
§  Why DL-Lite: classical DL-Lite is designed for OBDA 
§  Extensions  

§  Concepts that are based on aggregation of Att values 
 
 

§  Semantics 
§  Closed-world semantics for new (aggregate) concepts  
§  Open-world semantics is meaningless  

§  Conjunctive query answering 
§  Tractable when aggregate function computation is tractable 
§  Thanks to closed-world interpretation of predicates involved in aggregation [1] 
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Consider the ontology capturing the reliability of sensors as in our running example:

precisionScore v testScore, �0.9 (min testScore) v Reliable, (1)

where Reliable is a concept, precisionScore and testScore are attributes, and finally
�0.9 (min testScore) is an aggregate concept that captures individuals with one or more
testScore values whose minimum is at least 0.9.

DL-LiteaggA Semantics. We define the semantics of DL-LiteaggA in terms of first-order
interpretations over the union of the countable domains � and D. We assume the unique
name assumption and that constants are interpreted as themselves, i.e., aI = a for each
constant a; moreover, interpretations of regular concepts, roles, and attributes are defined
as usual (see [9] for details) and for aggregate concepts as follows:

(�
r

(agg F ))I = {a 2 � | agg{|v 2 D | (a, v) 2 F

I |} � r}.

Here {| · |} denotes a multi-set. Similarly to [32], we say that an interpretation I is a
model of O [ D if two conditions hold: (i) I |= O [ D, i.e., I is a first-order model
of O [ D and (ii) F I = {(a, v) | F (a, v) is in the deductive closure of D with O} for
each attribute F . Here, by deductive closure of D with O we assume a dataset that can be
obtained from D using the chasing procedure with O, as described in [9]. One can show
that for DL-LiteaggA satisfiability of O [D can be checked in time polynomial in |O [D|.

As an example consider a dataset consisting of assertions: precisionScore(s1, 0.9),
testScore(s2, 0.95), and testScore(s3, 0.5). Then, for every model I of these assertions
and the axioms in Eq. (1), it holds that (�0.9 (min precisionScore))I = {s1}, (�0.9

(min testScore))I = {s1, s2}, and thus {s1, s2} ✓ Reliable

I .

Query Answering. Let Q be the class of conjunctive queries over concepts, roles, and
attributes, i.e., each query q 2 Q is an expression of the form: q(~x) :- conj(~x), where
q is of arity k, conj is a conjunction of atoms A(u), E(v), R(w, z), or F (w, z), and u,
v, w, z are from ~x. Following the standard approach for ontologies, we adapt certain
answers semantics for query answering:

cert(q,O,D) = {~t 2 (� [D)k | I |= conj(~t) for each model I of O [D}.

Continuing with our example, consider the query: q(x) :- Reliable(x) that asks for
reliable sensors. The set of certain answers cert(q,O,D) for this q over the example
ontology and dataset is {s1, s2}.

We note that by relying on Theorem 1 of [32] and the fact that each aggregate
concept behaves like a DL-Lite closed predicate of [32], one can show that conjunctive
query answering in DL-LiteaggA is tractable, assuming that computation of aggregate
functions can be done in time polynomial in the size of the data (see more details in [26]).
We also note that our aggregate concepts can be encoded as aggregate queries over
attributes as soon as the latter are interpreted under the closed-world semantics. We
argue, however, that in a number of applications, such as monitoring and diagnostics at
Siemens [21], explicit aggregate concepts of DL-LiteaggA give us significant modelling
and query formulation advantages (see more details in [26]).
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[1] C. Lutz, I. Seylan, and F. Wolter. Mixing Open and Closed World Assumption  
     in Ontology- Based Data Access: Non-Uniform Data Complexity. DL. 2012. 

2 Analytics Aware OBDA for Static and Streaming Data
In this section we first introduce our analytics-aware ontology language DL-LiteaggA
(Sec. 2.1) for capturing static aspects of the domain of interest. In DL-LiteaggA ontologies,
aggregate functions are treated as first class citizens. Then, in Sec 2.2 we will introduce
a query language STARQL that allows to combine static conjunctive queries over
DL-LiteaggA with continuous diagnostic queries that involve simple combinations of time
aware data attributes, time windows, and functions, e.g., correlations over streams of
attribute values. Using STARQL queries one can retrieve entities, e.g., sensors, that pass
two ‘filters’: static and continuous. In our running example a static ‘filter’ checks whether
a sensor is reliable, while a continuous ‘filter’ checks whether the measurements of the
sensor are Pearson correlated with the measurements of reference sensor. In Sec. 2.3 we
will explain how to translate STARQL queries into data queries by mapping DL-LiteaggA
concepts, properties, and attributes occurring in queries to database schemata and by
mapping functions and constructs of STARQL continuous ‘filters’ into corresponding
functions and constructs over databases. Finally, in Sec. 2.4 we discuss how to optimise
resulting data queries.

2.1 Ontology Language
Our ontology language, DL-LiteaggA , is an extension of DL-LiteA [9] with concepts that
are based on aggregation of attribute values. The semantics for such concepts adapts
the closed-world semantics [32]. The main reason why we rely on this semantics is to
avoid the problem of empty answers for aggregate queries under the certain answers
semantics [11, 30]. In DL-LiteaggA we distinguish between individuals and data values
from countable sets � and D that intuitively correspond to the datatypes of RDF. We
also distinguish between atomic roles P that denote binary relations between pairs of
individuals, and attributes F that denote binary relations between individuals and data
values. For simplicity of presentation we assume that D is the set of rational numbers.
Let agg be an aggregate function, e.g., min, max, count, countd, sum, or avg, and let �
be a comparison predicate on rational numbers, e.g., �,, <,>,=, or 6=.

DL-LiteaggA Syntax. The grammar for concepts and roles in DL-LiteaggA is as follows:

B ! A | 9R, C ! B | 9F, E ! �
r

(agg F ), R ! P | P�
,

where F , P , agg, and � are as above, r is a rational number, A, B, C and E are atomic,
basic, extended and aggregate concepts, respectively, and R is a basic role.

A DL-LiteaggA ontology O is a finite set of axioms. We consider two types of axioms:
aggregate axioms of the form E v B and regular axioms that take one of the following
forms: (i) inclusions of the form C v B, R1 v R2, and F1 v F2, (ii) functionality
axioms (functR) and (funct F ), (iii) or denials of the form B1uB2 v ?, R1uR2 v ?,
and F1 u F2 v ?. As in DL-LiteA, a DL-LiteaggA dataset D is a finite set of assertions of
the form: A(a), R(a, b), and F (a, v).

We require that if (funct R) (resp., (funct F )) is in O, then R

0 v R (resp., F 0 v F )
is not in O for any R

0 (resp., F 0). This syntactic condition, as wel as the fact that we do
not allow concepts of the form 9F and aggregate concepts to appear on the right-hand
side of inclusions ensure good computational properties of DL-LiteaggA . The former is
inherited from DL-LiteA, while the latter can be shown using techniques of [32].

4
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§  Static analytics aware ontology and data set 
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§  Stream of data sets 
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1 PREFIX ex : <http ://www.siemens.com/onto/gasturbine/>
2
3 CREATE PULSE examplePulse WITH START = NOW , FREQUENCY = 1min
4
5 CREATE STREAM StreamOfSensorsInCriticalMode AS
6 CONSTRUCT GRAPH NOW { ?sensor a :InCriticalMode }
7
8 FROM STATIC ONTOLOGY ex:sensorOntology , DATA ex:sensorStaticData
9 WHERE { ?sensor a ex:Reliable }

10
11 FROM STREAM sensorMeasurements [NOW - 1min , NOW]-> 1sec
12 referenceSensorMeasurements 1year <-[NOW - 1min , NOW]-> 1sec ,
13 USING PULSE examplePulse
14 SEQUENCE BY StandardSequencing AS MergedSequenceOfMeasurementes
15 HAVING EXISTS i IN MergedSequenceOfMeasurementes
16 (GRAPH i { ?sensor ex:hasValue ?y. ex:refSensor ex:hasValue ?z })
17 HAVING PearsonCorrelation (?y, ?z) > 0.75

Fig. 1: Running example query expressed in STARQL

2.2 Query Language

STARQL is a query language over ontologies that allows to query both streaming
and static data and supports not only standard aggregates such as count, avg, etc but
also more advanced aggregation functions from our backend system such as Pearson
correlation. In this section we illustrate on our running example the main language
constructs and semantics of STARQL (see [26, 35] for more details on syntax and
semantics of STARQL).

Each STARQL query takes as input a static DL-LiteaggA ontology and dataset as well
as a set of live and historic streams. The output of the query is a stream of timestamped
data assertions about objects that occur in the static input data and satisfy two kinds
of filters: (i) a conjunctive query over the input static ontology and data and (ii) a
diagnostic query over the input streaming data—which can be live and archived (i.e.,
static)— that may involve typical mathematical, statistical, and event pattern features
needed in real-time diagnostic scenarios. The syntax of STARQL is inspired by the W3C
standardised SPARQL query language; it also allows for nesting of queries. Moreover,
STARQL has a formal semantics that combines open and closed-world reasoning and
extends snapshot semantics for window operators [3] with sequencing semantics that can
handle integrity constraints such as functionality assertions.

In Fig. 1 we present a STARQL query that captures the diagnostic task from our
running example and uses concepts, roles, and attributes from our Siemens ontology [19,
21–25, 28] and Eq. (1). The query has three parts: declaration of the output stream
(Lines 5 and 6), sub-query over the static data (Lines 8 and 9) that in the running example
corresponds to ‘return all temperature sensors that are reliable, i.e., with the average
score of validation tests at least 90%’ and sub-query over the streaming data (Lines 11–
17) that in the running example corresponds to ‘whose measurements within the last 10
min Pearson correlate by at least 0.75 to measurements reported by a reference sensor
last year’. Moreover, in Line 1 there is declarations of the namespace that is used in the
sub-queries, i.e., the URI of the Siemens ontology, and in Line 3 there is a declaration of
the pulse of the streaming sub-query.

Regarding the semantics of STARQL, it combines open and closed-world reasoning
and extends snapshot semantics for window operators [3] with sequencing semantics
that can handle integrity constraints such as functionality assertions. In particular, the
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window operator in combination with the sequencing operator provides a sequence of
datasets on which temporal (state-based) reasoning can be applied. Every temporal
dataset frequently produced by the window operator is converted to a sequence of (pure)
datasets. The sequence strategy determines how the timestamped assertions are sequenced
into datasets. In the case of the presented example in Fig. 1, the chosen sequencing
method is standard sequencing assertions with the same timestamp are grouped into the
same dataset. So, at every time point, one has a sequence of datasets on which temporal
(state-based) reasoning can be applied. This is realised in STARQL by a sorted first-order
logic template in which state stamped graph patterns are embedded. For evaluation of the
time sequence, the graph patterns of the static WHERE clause are mixed into each state to
join static and streamed data. Note that STARQL uses semantics with a real temporal
dimension, where time is treated in a non-reified manner as an additional ontological
dimension and not as ordinary attribute as, e.g., in SPARQLStream [8].

2.3 Mapping Language and Query Transformation

In this section we present how ontological STARQL queries, Q
starql

, are transformed
into semantically equivalent continuous queries, Q

sql

� , in the language SQL�. The latter
language is an expressive extension of SQL with the appropriate operators for registering
continuous queries against streams and updatable relations. The language’s operators for
handling temporal and streaming information are presented in Sec. 3.

As schematically illustrated in Eq. (2) below, during the transformation process the
static conjunctive Q

StatCQ

and streaming Q

Stream

parts of Q
starql

, are first independently
rewritten using the ‘rewrite’ procedure that relies on the input ontology O into the union
of static conjunctive queries Q

0
StatUCQ

and a new streaming query Q

0
Stream

, and then
unfolded using the ‘unfold’ procedure that relies on the input mappings M into an
aggregate SQL query Q

00
AggSQL

and a streaming SQL� query Q

00
Stream

that together give
an SQL� query Q

sql

� , i.e., Q
sql

� = unfold(rewrite(Q
starql

)):

Q

starql

⇡ Q

StatCQ

^Q

Stream

rewrite����!
O

Q

0
StatUCQ

^Q

0
Stream

unfold���!
M

Q

00
AggSQL

^Q

00
Stream

⇡ Q

sql

�
. (2)

In this process we use the rewriting procedure of [9], while the unfolding relies on
mappings of three kinds: (i) classical: from concepts, roles, and attributes to SQL
queries over relational schemas of static, streaming, or historical data, (ii) aggregate:
from aggregate concepts to aggregate SQL queries over static data, and (iii) streaming:
from the constructs of the streaming queries of STARQL into SQL� queries over
streaming and historical data. Our mapping language extends the one presented in [9] for
the classical OBDA setting that allows only for the classical mappings.

We now illustrate our mappings as well as the whole query transformation procedure.

Transformation of Static Queries. We first show the transformation of the example
static query that asks for reliable sensors. The rewriting of this query with the example
ontology axioms from Equation (1) is the following query:

rewrite(Reliable(x)) = Reliable(x) _ (�0.9 (min testScore))(x).

7

Process Overview: 

Mapping for aggregate concepts: 
�
�0.9 (min testscore)

�
(x) SELECT x

FROM unfold(rewrite(testscore(x, y)))

GROUPBY x HAVING min(y) � 0.9



Outline: Overview of Our OBDA 2.0 
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§  Ontologies 
§  Queries 
§  Mappings 
§  Query transformation 

§  Ontology à Data queries 
 
 
 
 
Analytics, Source, and Cost Aware 
§  Query planning and optimisations  
§  Experiments 
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Optimization of Data Queries: ExaStream  
Exastream: Data-Stream Management System 
§  our streaming extension  

§  of SQLite DB engine 
§  SQL⊕ queries 

§  SQL enhanced with  
§  User Def. Func. (for analytics) 

§  smart query planner based on 
§  query 
§  available stream/static DBs 
§  execution environment 

§  parallelism and distribution  
on a cloud 

§  to accelerate analytics 
§  distribution of queries & data to multiple worker nodes  

§  Query execution cycle 
§  Q registers at Gateway Server à parsed and fed to the Scheduler 
§  Scheduler places Qs on available Workers and optimizes their execution 
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Our Query Optimisations 
Analytical operations of 3 types 
§  live-stream operations  

§  analytical tasks on live streams 
§  static-data operations  

§  analytical tasks on static information 
§  hybrid operations  

§  analytical tasks on live-streams & static data  
 
Basic Optimizations & strategies 
§  data views 

§  compute static analytical tasks  
ahead of live-stream operations 

§  adaptive indexing  
§  adaptively building main-memory indexes  

on batches of cached stream tuples 
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View Based Optimisations 
Ex: pre-computation of AVG for  
streaming analytics 
§  Measurements  

§  raw data 
§  archived part of a data stream 
§  has time & actual measurements  

§  Windows 
§  pre-computed data 
§  stores the windowing mechanism 
§  has window-id, starting, and ending point 
§  has frequently asked aggregates, e.g., AVG 
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Windows

 1            427ºC        
 2          440.5ºC

Wid Window_Start Window_EndMWS_Avg
2016-02-08, 15:00:00 2016-02-08, 15:01:00
2016-02-08, 15:02:00 2016-02-08, 15:03:00

Measurements

                                     426ºC
                                     428ºC
                                     433ºC
                                     448ºC

Time Measurment
2016-02-08, 15:00:00
2016-02-08, 15:01:00
2016-02-08, 15:02:00
2016-02-08, 15:03:00



Evaluation 
View Based Optimization (1 node) 
§  measured 

§  time to process a live-stream 
§  against 100,000 archived ones 
§  time is divided  

–  to join-time & aggregate time 
§  Outcome 

§  for Pearson correlation  
–  time gain: 8.18% 

§  for AVG and MIN  
–  optimizer prunes many unnec. joins 

 
Intra-query Parallelism (1-16 nodes) 
§  distribution of pre-computed views 

among nodes 
§  significant time decrease 
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Summary  
Discussed 
§  hard cases for OBDA 

“Siemens real-time turbine diagnostics” 
§  for them we need OBDA 2.0  

§  analytics awareness 
§  source and cost awareness 

 
Introduced 
§  Example OBDA 2.0 
§  Experiments 
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