OWL vs. Linked Data:
Experiences and Directions

Axel PoI_I_eres
Siemens AG Osterreich
27/05/2013




Disclaimer: this is not the panel you were looking for °

ﬂ Axel Polleres shared a link.

oh my, why did | agree to give a standup invited talk to fill up for the
planned panel at OWLED2013 tomorrow? http://webont.org/owled

/2013 /schedule.html Preparing slides in the hotel room...drop by, if you're
there!

Will try to touch upon the following questions:

- Which parts of OWL are used within Linked Data?
- Which parts of OWL2 could be useful for Linked Data ?
- Which reasoning techniques can be applied to handle the scale,
messiness, and dynamicity of Linked Data?
-Which reasoning beyond RDFS and OWL is necessary for Linked Data?
| don’t have complete solutions to all these questions, but some on how OWL can be applied
to Linked Data collected over the past view years.

Special thanks to my co-authors: Aidan Hogan, Jiirgen Umbrich, Stefan Bischof, Andreas
Harth, Birte Glimm, Markus Krotzsch, etc.
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“If HTML and the Web made all the online documents look like one huge book,
RDF, schema and inference languages will make all the data in the world look like
one huge database” Tim Berners-Lee, Weaving the Web, 1999

Great! We have 2013, this should work by now, shouldn‘t it? Let’s try that on google!

Scenario: “Market research” on the Web, (no FOAF today, sorry)

CO SIC l Latest news on NYT about technology companies “

with a revenue greater than 10B EUR”

Google

“Which city of Montpellier and Vienna has the higher population density?” “
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“Latest News on NYT about technology companies

with a revenue greater than 10B EUR”

e The data is there!

Wikipedia

New York Times thesaurus
and article search API

[sNsNG) New York Times - Linked Open Data ¥
6) @ data.nytimes.com & | (B3~ wahliokal langenzersdort Q) [t

"} New York Times - Linked Open ...

Search data.nytimes.com

i Linked Open Data*"™*

—~
( data.nytimes.com

ive news ve ies ever In

For the last 150 years, The New York Times has maintained one of the most
200, we began to publish this vocabulary as linked open data.

The Data

As of 13 January 2010, The New York Times has published approximately ,10,000 subject headings as linked open data under a
CC BY license. We provide both RDF documents and a human-friendly HTML versions. The table below gives a breakdown of
the various tag types and mapping strategies on data.nytimes.com.

Type Manually Mapped Tags Automatically Mapped Tags Total
People 4,978 0 4,978
592
Organlzatlons J 3,081
'
Descriptors 0 198
10,467

Browse individual data records:

A B CDETFGHI I JKLMNOP QRS STUVWXY?Z

006

66
G) @ https://en.wikipedia.org/wiki/IBM|

IBM - Wikipedia, the free encyclopedia s

-C'_] \' Google

\\ IBM - Wikipedia, the free encycl...

Create account & Login

IBM

From Wikipedia, the free encyclopedia

Inter M Corp Interr | Business Machi
WIKIPEDIA (NYSE: IBM ), or IBM, is an American multinational Corporation
The Free Encyclopedia technology and consulting corporation, with headquarters in — S— —
Armonk, New York, United States. IBM manufactures and - - e s aamm
i markets computer hardware and software, and offers — - —— N ——
SR infrastructure, hosting and consulting services in areas - — -_
Siemens - Wikipedia, the free encyclopedia "

c ] (B3~ Google

6) @ https://en.wikipedia.org/wiki/Siemens
\\' Siemens - Wikipedia, the free e...

e,
Create account & Login L IT
. fting
Siemens on (201"
From Wikipedia, the free encyclopedia on (2011)")
- A For other uses of , see Sie i iguation).
WIKIPEDI si R S
iemens AG (G tion: [zi:mans]) is a German
T nen: (¢ etman pf'onuncna on: [ ¢ 1) Siemens AG
multinational engineering and electronics conglomerate
company headquartered in Munich, Germany. It is the s I E M E N s
Main page largest Europe-based electronics and electrical
Contents engineering oompany.lz] Aktiengesellschaft
Featured content . . - . . . Traded as FWB: SIE g7, NYSE: S| &
Siemens' principal activities are in the fields of industry,
Current events : s R Industry Conglomerate
e energy, transportation and healthcare. It is organized into
Donate to Wikipedia five main divisions: Industry, Energy, Healthcare, Founded October 1, 1847 (Berlin)
Infrastructure & Cities, and Siemens Financial Services | Revenue A €73.52 billion (2011)!")
000 SAP AG - Wikipedia, the free encyclopedia )

(<) ] ' Google

Q) () (B3] (4]

6) @ hitps://en.wikipedia.org/wiki/SAP_AG
\\' SAP AG - Wikipedia, the free en...

Axel Polleres

74 I
] oh

ok

WIKIPEDIA

The Free Encyclopedia

Main page
Contents

Featured content
Current events
Random article
Donate to Wikipedia

~ Interaction
Help

Create account & Login

SAP AG

SAP AG (ISIN: DE0007164600 &, FWB: SAP#,

NYSE: SAP ) is a German multinational software
corporation that makes enterprise software to manage
business operations and customer relations.
Headquartered in Walldorf, Baden-Wiirttemberg, with
regional offices around the world, SAP is the market leader
in enterprise application software. The company's
best-known software products are its enterprise resource
planning application (SAP ERP), its enterpris

warehouse solution - SAP Business Wareho lndm Emel’pl’ise SOftwaf 9
SAP BusinessObjects software, and mostre__....,, -, -
mobile products and in-memory compt == ==

HANA. SAP is one of the largest softw Revenue A 614 %3 bl“lOﬂ (m11)

SAP AG

®

Aktiengesellschaft
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“Which city of Montpellier and Vienna has the higher population density?”

* Again: Wikipedia

“) vienna - Wikipedia, the free encyclopedia - Mozilla Firefox . =] ]
File Edit ‘iew History Bookmarks Tools Help
T h d t ° t h | | Y/ Vienna - Wikipedia, the free encyclopedia |ﬂ v
e a a I S e re ° (- > | W en.wikipedia.org/wiki/Vienna (& I S
S D
VB ;]
e :
\ ﬂ “ -
Eurostat s .
WIKIPEDIA vienna  couium

The Free Encyclopedia

Brezhoneg N ea

. European Commission Buarapcio 2
. > - = Cit

- - eurostat Your key to European statistics Cebuano ¥ ) 414.65 km
= Cesty FPopulation (2011)

Corsu

Urban Audit "t per km2 crmraes " City 1,714,142 4

. . ~ Average : 388 High:17.83 Low:14 Da.nSk
(ca. 300 indicators for ~500 European Deitsch « D it 3
- e nes | @ pesen ensity 4,002.2km" |
cities) —— Dolncserbsi '
e Eesti | = urban 1,083,336 ‘ '
a Wiinnarta | ey tna7 ] EX D * Metro ca. 2,419,000
Proportion of journeys to work by public transport (rail, metro, bus, tram)
e ’ Average : 2025 High:413 Low:43 _ . . . I

You are on page 1 of 4 (40 records)
or also inside Siemens!

: DE10011 | Total resident population‘

; EN51011 | Population density: total resident pop. per square km \
TT1020I Average length of journey to work by private car (km) ;

TT10661 Length of public transp.network as a prop. of land area

. . bI I(D‘Iaﬂ?ﬁI | 29eslo'mth WOH network ner 1000 non
s Hannover (DE) 29.20 |
10 ¥sln - Cologne (DE) 26.90 ]

European Green City Index

sessing the emvronmental impactof Europe's major difes
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illa Fi =]
File Edit View History Bookmarks Tools Help
‘ W Vienna - Wikipedia, the free encyclopedia l o | 7
("_ ‘ W  en.wikipedia.org/wiki/vienna C ‘ i
N =
* w3 “ |
a9 <8 ) — W
Bt ‘ . e
Wicoroia | Vienna  ooh ified on Eurostat as AT001C
The Free Encyclopedia Country Austria
Brezhoneg State Wien -
EbArapcku Governme it
Catala = Mayor Michael Haupl (SPD)
Yigawna = Vice-Mayor Maria Vassilakou (Griine)
: bt rﬁ ﬁ
éesky a . r = .
http://dbpedia.org/ I E P Y http://eurostat.linked-
Cymraeg =
: resource/Vienna L e
pansk statistics.org/cities#ATO01C
Deitsch PopUiaue.. . k - g/
© Deutsch = City 1714142 &
Dolnoserbski * Density 4,002 2/km? (10,365 74sq mi)
E?iwa rL:::c I tyllag.szs,ifooo C i ty

1.Use URIs as names for things

2.Use HTTP URIs so that people can look up those names.

3.When someone looks up a URI, provide useful information, using the standards
(RDF, OWL)

4.Include links to other URIs. so that they can discover more things.

http://www.w3.org/Designlssues/LinkedData.html
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Linked Data on the Web: Adoption

European Commission CANE™ Ci) =/ U Cio/ f" Freebase

Ror \
~\I| snoss ]

A
" GDV
T }R{‘“,L-rullr\
| BETA |

lje New ﬁm’k @‘tmes
| datagov uk

& .
7 swc G ol O )




Example: Using OWL and SPARQL to
guery Linked data

o owl:sameAs
eloppreel s -> eurostat:AT001C
name country \ o / \
population _
/area l: eurostat:EN5101I label

”Vienna/ dbpedia: / \

Austria _

3855.25 Wien
414.65
1714142

eurostat:EN51011 rdfs:subPropertyOf  dbpedia:populationDensity

“Which city of Montpellier and Vienna has the higher population density?”

SELECT ?DM ?DV
WHERE { dbpedia:Montpellier :populationDensity ?DM .
dbpedia:Vienna :populationDensity ?DV .

}



The Semantic promise...

“If HTML and the Web made all the online documents look like one huge book,
RDF, schema and inference languages will make all the data in the world look like
one huge database” Tim Berners-Lee, Weaving the Web, 1999

Great! We have 2013, this should work by now, shouldn‘t it? Let’s try that on google!

Scenario: “Market research” on the Web,

CO 8[C “Latest news on NYT about technology companies
. ’
with a revenue greater than 10B EUR”

{ ?C rdf:type NYT:0rg .
Go tgh: ?C dbpedia:revenue ?R .
?C NYT:latestArticle ?A .
FILTER( ?R > 10000000000 ) }

SELECT * WHERE

Axel Polleres



The Semantic promise...

“If HTML and the Web made all the online documents look like one huge book,
RDF, schema and inference languages will make all the data in the world look like
one huge database” Tim Berners-Lee, Weaving the Web, 1999

Great! We have 2013, this should work by now, shouldn‘t it? Let’s try that on google!

Scenario: “Market research” on the Web,

with a revenue greater than 10B EUR”

CO SIC | “Latest news on NYT about technology companies “
| ’

CO SIC “Cities in France with a higher population density than Montpellier?”

SELECT ?DM ?DV
WHERE { dbpedia:Montpellier :populationDensity ?DM .
dbpedia:Vienna :populationDensity ?DV .

}

Axel Polleret



So, all we need to do:

e ...istothrough together a crawler, an RDF Store, some OWL
inference and a SPARQL engine? Unfortunately it’s not that easy...

SPARQL

SELECT ?DM ?DV WHERE
{ dbpedia:Montpellier :populationDensity ?DM .
dbpedia:Vienna :populationDensity ?DV . }

Crafiliing

InclEdng

®e

« OWL Inferenc@..
How?

J




Obstacles/prejudices:

e OWL s too hard to learn?

* OWL is too expensive?

Axel Polleres



Linked Data publishers...

C' | ® www.w3.0rg/TR/2009/REC-owl2-direct-semantics-20091027/

Recommendation

2.2 Interpretations

Given a datatype map D and a vocabulary V over D, an interpretation |= (A, Ap, -©, -P, .DP .1 .DT LT .FAyfor Dand Vis a 9-tuple with the following structure:

A;is a nonempty set called the object domain.
Apis a nonempty set disjoint with A, called the data domain such that (DT)PT = Ap, for each datatype DT € Vpr.
-Cisthe class interpretation function that assigns to each class C & V a subset (C)C < A, such that
o (owlThing)° = A;and
o (owl:Nothing)° = @.
-OPis the object property interpretation function that assigns to each object property OP = Vpp a subset (OP)OP < Ay x A;such that
o (owltopObjectProperty)°F = A; x A, and
o (owl:bottomObjectPropelfy)OP =Q.
-DPis the data property interpretation function that assigns to each data property DP < Vpp a subset (DP)DP < A;x Ap such that
o (owltopDataProperty)°F = A, x Ap and
o (owlbottomDataProperty)°F = @.
-lis the individual interpretation function that assigns to each individual a € V; an element (a)’ AL
-DTis the datatype interpretation function that assigns to each datatype DT & Vpra subset (DT)PT = Ap such that
o -DTisthe same as in D for each datatype DT € Npr, and
° (rdfs:LiteraI)DT =Ap.
-LTis the literal interpretation function that is defined as (If).7 = (LV, DT)tS for each It & V; 1, where LV is the lexical form of /f and DT is the datatype of /t.
- FAis the facet interpretation function that is defined as ( £, It )™ = (F, (I9t7 )" S for each ( F, It) € Vga.

The following sections define the extensions of - oP L. DT, and - Cto object property expressions, data ranges, and class expressions.

2.2.1 Object Property Expressions

The object property interpretation function - OPs extended to object property expressions as shown in Table 1.

..OWL IS HARD

(...to learn, to understand, to implement, to compute, to teach, to
represent in RDF, to publish, to parse, to use appropriately...)

Corollary1:

Linked Data publishers only use a little bit of OWL ...

Corollary2:

... they still manage to make mistakes ©

13
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Corollary1:

Linked Data publishers only use a little bit of OWL ...

Proof

14
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How much OWL is used in Linked Data? [LDOW’12]

* Looked at Billion Triple Challenge 2011 Dataset (BTC2011)
— 2.1 billion quadruples, crawled from...
— 7.4 million RDF/XML documents, covering...
— 791 (pay-level) domains

e Count OWL features used in the dataset:
— Per use
— Per document
— Per domain
— Can be skewed by data

 Ranked OWL features using PageRank:
— Rank documents based on dereferenceable links
— For each OWL feature, sum the rank of documents using it

— Intuition: Approximates probability of encountering an OWL feature during a
random walk of the data

Axel Polleres



Results of ranking (see LDOW’12 paper details)

~

~

1 rdf : Property 5.74E-1
2 rdfs:range 4.67E-1
3 rdfs:domain 4.62E-1
4 rdfs:subClassOf 4.60E-1
5 rdfs:Class 4.45E-1
\_ 6 rdfs:subPropertyOf 2.35E-1
/7 owl:Class 1.74E-1
8 owl:ObjectProperty 1.68E-1
9 rdfs:Datatype 1.68E-1
10 owl:DatatypeProperty 1.65E-1
11 owl:AnnotationProperty 1.60E-1
12 owl:FunctionalProperty  9.18E-2
13 owl:equivalentProperty  8.54E-2
14 owl:inverseOf 7.91E-2
\15 owl:disjointWith 7.65E-2

Axel Polleres
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Results of ranking (see LDOW’12 paper details)

owl : sameAs 7.29E-2
17 owl:equivalentClass 5.24E-2
18 owl:InverseFunctionalProperty  4.79E-2
19 owl:unionOf 3.15E-2
20 owl:SymmetricProperty 3.13E-2
21 owl:TransitiveProperty 2.98E-2
22  owl :someValuesFrom 2.13F-2
23 rdf: * 1.42E-2
24 owl:allValuesFrom 2.98E-3
25 owl:minCardinality 2.43E-3
26 owl:maxCardinality 2.14E-3
27 owl:cardinality 1.75E-3
28 owl:oneOf 4.13E-4
29 owl:hasValue 3.91E-4
30 owl:intersectionOf 3.37E-4
31 owl:NamedIndividual 3.37E-4

Axel Polleres
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How much OWL is used in Linked Data? [LDOW’12]

RDF | RDFS | OWL |

e RDF Schema features amongst the most prominently used

e OWL 2 features not yet used prominently
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in insight:

Ma

* RDF Schema features amongst the most prominently used

e OWL 2 features not yet used prominently

ciently using

* Most used features can be implemented e

parallelizable, rule-based inference. [|JSWIS'09]
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Intuition: MAYBE LINKED DATA ONLY NEEDS
A utTie OWL...

(...for now) [Hendler, ‘98]



How much OWL is used in Linked Data? [LDOW’12]

e RDF Schema features amongst the most prominently used
e OWL 2 features not yet used prominently

In all fairness:
This is only a snapshot...

... some OWL2 features could be quite useful to enrich
current Linked Data vocabularies, see also [RR’09]

Axel Polleres



We presented this 3 years ago at ESWC... still only litt
OWL2 adoption in LOD vocabs since then...

OWL2 HOT!

NEW!

ESWC2010

Common ontologies on the Web don’t use it a lot as of yet...
... but adds interesting functionality, potentially useful for Web ontologies, e.g.

0 PropertyChains
— E.g. could be useful to tie sioc:name and foaf:nick via foaf:holdsAccount:

foaf:nick owl:propertyChainAxiom (foaf:holdsAccount sioc:name)

foaf:Agent
foaf depiction” ~

foaf mbox foaf:holdsAccount foaf nick

_ foaf madie foaf-mbox_shaTsum
. ) ~
L SR oaf:OnlineAccount siocname :
sioc:emad . . T Literal
sioc:creator_of (inc. sioc:User) siocemail_sha’
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Corollary2:

... publishers still manage to make mistakes.

Examples...

23



Inconsistencies/wrong inferences on Web Data

4 main conjectures for possible reasons:

Least common?

— Publishers deliberately publish spoilt data (“SPAM”)
— Opinions differ
— “URI-sense” ambiguities

— Accidently wrong/inconsistent
Most common?

Axel Polleres



Publishers deliberately publish spoilt data (“SPAM”)

 Examples:

— a owl:differentFrom a.
— foaf:knows rdfs:subPropertyOf owl:sameAs .

— http://www.polleres.net/nasty.rdf

e Can occur for “testdata” being published, deliberate
SPAM might become an issue, as the SW grows!

Axel Polleres



Opinions differ

* Fictitous Example Ontology:

Originofthings.example.org:
ol:surpremePower owl:disjointWith ol:naturalPhenomenom.

ol:originsFrom rdf:type owl:functionalProperty.
ol:god rdf:type ol:surpremePower.
ol:evolution rdf:type ol:naturalPhenomenom.

darwin.example.orgqg:
ex:mankind ol:originsFrom ol:evolution . ‘
creationism.example.org: =y A Agg’
ex:mankind ol:originsFrom ol:god ' ' /‘ﬁ
FlyingSpaghettimonster.org :
fsm:theSpaghettiMonster rdf:type surpremePower. oNO

ex:mankind ol:originsFrom fsm:theSpaghettiMonster. @

Axel Polleres



“URI-sense” ambiguities

<http://www.polleres.net>
foaf:knows <http://apassant.net>

i.e., why do | have to use a different URI for myself and
my homepage?

Many people don’t understand/like this and make
mistakes.

But is this really a mistake or a design error?

Axel Polleres



Accidentially inconsistent data

This appeared a while ago in our crawls:

Sourcel (faulty):

TimBL foaf:homepage <http://www.w3.org>
TimBL rdf:type foaf:Person.

W3.org:

W3C foaf:homepage <http://www.w3.org>
W3C rdf:type foaf:0rganisation.

Did occur in our Web crawls at some point, sometimes people don’t have the right semantics in mind!

e Suspiciously resembles problems with e.g. flawed HTML ... browsers, normal
search engines still have to deal with it...

Axel Polleres



Accidently wrong (non-inconsistent data)

* FOAF Ontology:

foaf:mbox rdf:type owl:InverseFunctionalProperty .
* Careless FOAF exporters produce something like this for any empty email
address:

ex:alice foaf:mbox “mailto:”
ex:bob foaf:mbox “mailto:”

Consequence: InverseFunctionalProperty reasoning on Web Data potentially
equates too many things! Dangerous!

Not all of these were real examples, of course, for a more systematic analysis
of Linked Data conformance, see [JWS’12a,LDOW’10]

BTW, Didn’t even mention ill-typed datatype literals here (very common...)
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FRFRN =M 8§ FFF'rTrse 30

HUr-Aimio

Your mission, should you decide to accept it, would be to make the Semantic Web clean ...

http://swse.deri.org/RDFAlerts/

© 00 RDF:Alerts )

RN =M 8 FFrTrse

Ur-AlLnio

URL: http://polleres.net/foaf.rdf

Please note that we currently only validate RDF/XML, and that validation may take 1-2 minutes due to live
crawling of data.

[ Reset J [ Submit Query J

| mote |error retrieving http://skype.com/ - http://skype.com/ did not return Content-Type application/rdf-+xml

-|retrieved data

|wnrnlng |cou1d not find a definition for Class http://skype.com/... term does not dereference to an RDF vocabulary description?

|wnrnlng\ |cou1d not find a definition for Property http://xmlns.com/foaf/0.1/acountName... term does not dereference to an RDF vocabulary descr
|wnrnlng\ |could not find a definition for Property http://xmlns.com/foaf/0.1/acountName... term does not dereference to an RDF vocabulary descr
|wnrnlng\ |cou1d not find a definition for Property http://xmlns.com/foaf/0.1/acountName... term does not dereference to an RDF vocabulary descr

| okay [finished validation




| SPARQL

Crafiliing

InclEdng

SELECT ?DM ?DV WHERE

{ dbpedia:Montpellier :populationDensity ?DM .

dbpedia:Vienna :populationDensity ?DV . }

®e

« OWL Inferenc@..
How?

_/




How to possibly avoid nasty inferences?

owl:sameAs
dbpedia:Vienna

—> eurostat:AT001C
name country \ | J / \
/area | Peryfaten eurostat:EN5101] label

“Vienna” dbpedia: 1 \
Austria ‘l o
385525 | Wien

414.65 ¥
1714142

eurostat:EN51011 rdfs:subPropertyOf  dbpedia:populationDensity

Scalable Authoritative OWL Reasoning [1JSWIS'09] to
the rescue!

... Goal:make inference robust & scalable to Web data.
SELECT ?DM 2DV

WHERE { dbpedia:Montpellier :populationDensity ?DM .
dbpedia:Vienna :populationDensity ?DV
}



Scalabe Reasoning: Focus on Rules without ABox joins

DL Syntax

Rule

G0 : NO A-BOX PATTERNS IN ANTECEDENT

{04....0n }

7C :0neOf (o1 ... 7o) . = 701 ... T0n, a 7C .

Gl - ONF A-ROX PATTERN IN ANTECEDENT

CCD

7C rdfs:subClassOf 7D . 7s a 7C . = ?7sa 7D .

C=D
PLCQ
P=Q

P =P

TCVP.C
T CVPC
P=P

dP.x
Ciu...ud,
(> 1P)

cin...ndcy,
Cim...nCy

From [ IUSWIS’09] The rules applied including statements considered to be T-Box, elements which must be
spoken for (including for

Abox inferences only! Can be distributed! Several Optimizations in [ISWC2010]

Axel Polleres
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7C :equivalentClass 7D . 7s a 7D . = 7s a 7C .

7P rdfs:subPropertyOf 7Q . 7s 7P 70 . = 7s 7Q 70 .

7P :equivalentProperty 7Q . 7s 7P 70 . = 7s 7Q 70 .

7P :equivalentProperty 70Q) . 7s 7() 70 . = 7s 7P 70 .

7P inverseOf 7QQ . 7s 7P 70 . = 70 7Q 7s .

7P :inverseOf 7(Q) . 7s 7Q) 70 . = 70 7P 7s .

7P rdfs:domain ?7C . 7s 7P 70 . = 7s a 7C .

7P rdfsirange 7C . 7s 7P 70 . = 70 a 7C .

7P a :SymmetricProperty . 7s 7P 70 . = 70 7P 7s .

?7C :hasValue 7x; :onProperty 7P . 7y /P 7x . = 7y a 7C .

?7C :hasValue 7x; :onProperty 7P . 7y a 7C . = 7y 7P 7x .

7C unionOf (7C;...7C;..7C,) . 7xa 7C; . = 7x a 7C .

?7C :minCardinality 1; :onProperty 7P . 7x 7P 7y . = 7x a 7C .

7C :intersectionOf (?7C1 ... 7C,) . 7y a 7C . = ?y a 7Cq, ...

7C :intersectionOf (7Cy) . 7y a 7C; . = 7y a 7C .

), and output count.




Authoritative Reasoning

Document D authoritative for concept C iff:

— Cnot identified by a URI
* OR
— De-referenced URI of C coincides with or redirects to D
— FOAF spec authoritative for foaf :Person v
— MY Ont not authoritative for foaf : Person X

Only allow extension in authoritative documents
— my:Person rdfs:subClassOf foaf:Person

BUT: Reduce obscure memberships
— foaf:Person rdfs:subClassOf my:Person

Similarly for other T-Box statements.

. (MY Ont) v

. (MY Ont) X

In-memory T-Box stores authoritative values for rule execution

Axel Polleres
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A Semantic Web Search Engine

e ... based on these insights we have implemented SWSE [JWS’11]

2e+009

SAOR makes inference robust & scalable to Web data:

1.8e+009
1.6e+009 |-

1.4e+008

1.2e+009 |
1e+008 |-

Crafiliing

InclEdng

Semantic Web Search Engine 80-+008 |
SPARQL i

4e+008 -

T
read ——
written -----~

1 1 1 1 1
100 200 300 400 500 600
minutes elapsed
(on a single machine, goes down near linear in parallel mode)

Scalable
Authoritative
OWL Reasoner
(SAOR)




Are we done?

[ Similar in spirit to SAOR: “Quarantined Reasoning”, cf. [RR’11] ]

iﬂCJiC@ “Which city of Montpellier and Vienna has the higher population density?"J“

) =

S M S E “Latest news on NYT about technology companies
incico with a revenue greater than 10B EUR

e e SELECT * WHERE

{ ?C rdf:type NYT:0rg
?C dbpedia:revenue ?R .
?C NYT:latestArticle ?A .
FILTER( 2R > 10000000000 ) }

Can’t keep
up with
changes!

Axel Polleres



Idea: “Live”-Linked Data Querying ~

e Basicidea (originally proposed by Hartig & Bizer)
— Start with URIs in a SPARQL query SELECT * WHERE

— Interleave crawl + query processing { ?C rdf:type NYT:0rg .
?C dbpedia:revenue ?R .

?C NYT:latestArticle ?A.
FILTER (?R > €10000000000 ) }

HTTP GET NYT:Org - HTTP GET NYT:SAP - HTTP GET NYT:article20130128 1
NYT:Org dbpedia:SAP_AG
rdf:type owl:sameAs Stop. No new
query
?C @ NYT:|ateStArt'icle—>@T:arﬁcle2013011D ?A relevant
results found

Axel Polleres



Improved “Live”-Linked Date Querying

 Qur approach [RR'12]
* Basicidea:

— Start with URIs in a SPARQL query SELECT * WHERE
— Interleave crawl + query processing { ?C rdf:type NYT:0rg .
] . . ?C dbpedia:revenue ?R .
+ Lightweight OWL Reasoning ?C NYT:latestArticle ?A.

FILTER (?R > €10000000000) }

HTTP GET NYT:Org - HTTP GET NYT:SAP - HTTP GET dbpedia:SAP
NYT:Org ?@ediazSAPE—dbpedia:revenue—@233000000 ?R
rdf:'iype owl:sameAs
2C  NYT:SAP NYT:latestArticle—> NYT:article20130110 ?A J

Axel Polleres



Again: Does this work “in the wild”?

1) Benchmark generation: 3 4

//_\ entity queries star queries pry
S \
|| .
BTC 2011 [4: [«—(: 1100 queries
QWalk: ath querios 4 100 each for 11 “typical”
Random walk based query [‘_>(_'3_>(_'_\,. } _shapes p
w_/ Oe—e— @

2) Results:
* RDFS reasoning: many queries with average impact
— In 8/11 query classes more than 50% avg. result increase
— in4/11 query classes a time increase of 50%
*  OWL sameAs: view queries with high impact

— In 2/11 query classes more than 50% avg. result increase
— In 2/11 query classes a time increase of 50%

Overall our reasoning extensions improved in 8 of 11
query classes the average result/time ratio (throughput)

Axel Polleres



Are we done?

“Which city of Montpellier and Vienna has the higher population densityw

| “Latest news on NYT about technology companies J “

with a revenue greater than 10B EUR”

Depends on the point of view...
... ... What is the sweetspot between centralised &
decentralised/live Linked Data querying approaches?

Plus...

Axel Polleres



:
... Actually, we were cheating:

owl:sameAs

eloppreel s —> eurostat:AT001C
name country \ o / \
population _
/area l: eurostat:EN5101I label
“Vienna” dbpedia: / \
Austria _
3855.25 Wien
414.65
1714142

eurostat:EN51011 rdfs:subPropertyOf  dbpedia:populationDensity

“Which city of Montpellier and Vienna has the higher population density?”

SELECT ?DM ?DV
WHERE { dbpedia:Montpellier :populationDensity ?DM .
dbpedia:Vienna :populationDensity ?DV .



Example: Actually, we were cheating...

e

/

name

area
“Vienna”

“414.65” M unit:km2

o

~

dbpedia:Vienna

L\
country

X’ population

dbpedia:A
ustria

1714142

/

Data looks rather like this...

eurostat:ATO01C

\
observation

X’ label
eurostat:obsl \

indicator

/

eurostat:TT1066I

“Which city of Montpellier and Vienna has the higher population density?”

Can’t we still answer this query? Just using the Dbpedia data?

We know: dbpedia:opulationDensity = dbpedia:population / dbpedia:area

Another example is unit conversion from this morning:
elephantWeight = elphantWeightimperial * 2.204
or priceUSD = priceEUR * 1.2850

We call these “propery equation” ... stay tuned for the main track [ESWC’13]




Take-home messages:

Lots of interesting real-world Datasets out there as

Linked Datal

- can benefit from OWL and Reasoning

- (even more Open Data in other formats, BTW)

Structured Query anwsering over Linked Data needs:
- Robust & Scalable Reasoning (a la SAOR)

- Both centralised & decentralised approaches

- Maybe more than OWL (e.g. something like property equations)?

Axel Polleres

Vienna

Population density 2012

4002.2 pikm2 (Source: hitp:fidbpedia.orgl)
Population density 2004

3855.25 pilkm2

(Source: hitpiwww urbanaudit.orgh
Population density 2001

3735.24 pikm2

Population density 1999
3735.2 pikm2 (Source: hitp:fieurostat linked-

statistics.orgf)
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Open Data
Trends & Future

THE WORLD BAHI

Open Data \\\U Ndata

i e =5 Opening up Europe's public data
Open Government Data :
Offene Daten fur Wien

ot omonset) ot amisbart.. [ 6]
wien.at > Open Covernment Data > D > Umwelt

| ¢ ekometothe onioncs
€ ) | ® s londongov
&/

Open Government Data Datenkatalog: Umwelt '
» Anwendungen
» Datenkatalog

Altstoffsammelstellen - Standorte

Open Data Berlin

Badestellen - Standorte

» Bevdlkerung Witschaft
+ Bildung Mistplatze - Standorte ggopenG ,Ve ‘nn
Partizipatidf s % |

» Budget Mobile Problemstoffsammelstellen - Standorte Haushalt 3

Sudge Transpare A firsbstep towards
» Freizeit Problemstoffsammelstellen - Standorte = Burgerbetelth Tocine Fonduh ot
» Gesundheit Inforiiation reeing London’s data

Trinkbrunnen - Standorte H

» Kultur .
» Offentliche Ein- I |

richtungen ‘_ Welcome to the London
» Schnittstellen B | verantwortlich fir diese Seite | — Datastore

. Soziales W) | Magistratsdirektion - G reich Organi

Kontaktformular

» Umwelt Offene Daten lesbar fur Mensch und Maschine. Das ist das Ziel I o — - e — m J n |l’0 — ;‘f’ﬂ
+ Verkehr ' [5 emecpomrona g e it i 7o =1 42} | A comroomap verns =
T
» Verwaltungseinhei \NSP/R x pnd: [N & text & Bevous o rohigheal [ Metcheese @) Phrose ot found Edt Vew Favories ook el
b TN e L
§‘ /2; European Commission : = . . Karte chronik  Export  GPS-Tracks B
S %, 4 Be @ i V4 } e
i} =4 ta = (
s 5,
= g Open Data Portal ..
2 o ‘
'?9(0 > OpenstreetMap S N ;
7 ol 3] - Y
Oy en?ﬁ%
Suchen

[Vienna

DIRECTIVE 2007/2/EC INSPIRE

Legende

* Open Data: Typically very liberal licenses (variants of CC) Cay
* Many formats, varying quality, harmonization starting ALL N e oy

* Mostly by online communities or public bodies (cities, communltles governments, UN,...)
— Currently focused mostly in SMEs to take advantage of that data

* vs. Publicly available data: e.g. NYT is public but not free/not license free
* vs. Enterprise (Linked) Data
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Linked Data Ontologies =
RDF Vocabularies (OWL, RDFS)

a7

Google code

7 GeoNames
& B
o 7 S
DublinCore

TN [\@GoodRelations]

h The Web Ontology for E-Commerce

DOAP

;l/g:o-r;ms |
: "
5 m u S I c - / 'l ‘*\’

o~ ol e )
7 = N\ 2/

urbel

Image from :; Giasson, Bergman

Side remark: Only a small fraction of Linked data is OWL/RDFS ontologies
(less than ~0.1% [IISWI5°2009, Hogan 2010])

As of October 2008



OWL Reasoning: Complexity

 http://www.w3.0org/TR/2009/REC-owl2-profiles-20091027/

And even for OWL RL PTIME-complete.... i.e., often too expensive.

Axel Polleres
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OWL 2 Web Ontology Language Profiles

m OWL 2 Web Ontology Language ...

@) @ www.w3.0org/TR/2009/REC-owl|2-profiles-20091027/

W3C Recommendation

c I \/E]' Google

%) (#) (B (4]

Language

Reasoning
Problems

Taxonomic
Complexity

Data
Co

y

Query
Complexity

Combined
Complexity

OwWL 2
RDF-Based
Semantics

Ontology
Consistency,
Class
Expression
Satisfiability,
Class
Expression
Subsumption,
Instance
Checking,
Conjunctive
Query
Answering

Undecidable

Undecidable

Undecidable

Undecidable

OWL 2
Direct
Semantics

Ontology
Consistency,
Class
Expression
Satisfiability,
Class
Expression
Subsumption,
Instance
Checking

2NEXPTIME-
complete

(NEXPTIME if
property

hierarchies are
bounded)

Decidable,
but
complexity
open

(NP-Hard)

J

Not
Applicable

2NEXPTIME-
complete

(NEXPTIME if
property

hierarchies are
bounded)

Conjunctive
Query
Answering

Decidability open

Decidability
open

Decidability
open

Decidability open

A

* Find: (Q decida

Next | Previous

© Highlight all )

] Makh case




Related Works:

RDFS only, syntactic
data. Nice

hardware. (Similar ideas to ours

Scalable OWL Reasoning interms ofrue

optimization by
Jesse Weaver, James A. Hendler: Parallel Materialization of the Finite RDFS Closure for | oRACLE (parallel to

Hundreds of Millions of Triples. International Semantic Web Conference 2009: 682-6970ur results)

— Vladimir Kolovski, Zhe Wu, George Eadon: Optimizing Enterprise-Scale OWL 2 RL Reasoning in
a Relational Database System. International Semantic Web Conference (1) 2010: 436-452

— Jacopo Urbani, Spyros Kotoulas, Jason Maassen, Frank van Harmelen, Henri E. Bal: WebPIE: A
Web-scale Parallel Inference Engine using MapReduce. J. Web Sem. 10: 59-75 (2012)

Similar parallelization techniques to ours,
100b triples, but confined data with small
ontologies. No Web Data. Nice: exchange
of results for joins in Map-reduce jobs.

* Live Linked Data Querying
— Olaf Hartig, Christian Bizer, Johann Christoph Freytag: Executing SPARQ} No reasoning

considered. 4 fixed

Queries over the Web of Linked Data. International Semantic Web queries, result
Conference 2009: 293-309 s i
— Gunter Ladwig, Thanh Tran: Linked Data Query Processing Strategies. .
International Semantic Web Conference (1) 2010: 453-469 ey,
Axel Polleres queries, needs a

source index



