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Goal: Turn Web into Knowledge Base

Source:

G. Weikum, G., Kasneci, M.
Ramanath, F. Suchanek:
DB & IR methods for
knowledge discovery.
Communications of

the ACM 52(4), 2009
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comprehensive DB of human knowledge
» everything that Wikipedia knows

e everything machine-readable

e capturing entities, classes, relationships



Approach: Knowledge Harvesting
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http://www.trueknowledge.com/
http://sig.ma/
http://www.cmu.edu/index.shtml

Knowledge for Intelligence

e entity recognition & disambiguation

e understanding natural language & speech

* knowledge services & reasoning for semantic apps
(e.g. deep question answering)

* semantic search: precise answers to advanced queries
(by scientists, students, journalists, analysts, etc.)

% Swedish king‘s wife when Greta Garbo died?

Y FIFA 2010 finalists who played in a Champions League final?

Y Politicians who are also scientists?

% Relationships between
Max Planck, Angela Merkel, Jim Gray, and the Dalai Lama?

* Drugs for treating Alzheimer?
Influenza vaccines for teens with high blood pressure?



Application 1: Semantic Queries on Web

GOL )S‘Q Sq uared left-handed guitarists from America Square it | Add to this Square
abs & share
left-handed guitarists from America
Item Name Image Description Genre Date Of Birth Place Of Birth Date Of Death Add columns | Add
Pete Townshend Pure power designed for the modern left Rock 19 May 1945 London, England 1995-06-19
handed guitarist! \"/hat do Pete Townshend ,
Carlos Santana, and Tony lommi all have in
common? Back in the '60s, each of these
Kurt Cobain So uncommon 15 the phenomenon, you can't Rock February 20, 1967 1984-04-05
help but be taken aback at the sight of a
gulitarist playing his instrument in left-hand
fashion. ... Interestingly, Carlos Santana once
Jimi Hendrix James Marshall "Jimi" Hendrix {(born Johnny  rock Movember 27, 1942 @ Aberdeen, Washington
Allen Hendrix, November 27, 1942 — September Place of birth for Kurt Cobain
18, 1970} was an American guitarist and an.wikipedia.org - all 10 sources »
singer-songwriter. ... Although very popular in _
—_ v e aa Cther possible values
Albert King Orlwe ofthtighéeeKngs Zféhedlfélue; Guitar" Blues April 25, 1923 Aberdeen, Washington, United States
{zlong W'_ i m,g fm reddie King), h. List of famous star celebrity ... Place of Birth: Aberdeen,
Albert King stood 6' 4" {192 cm) [some reports Washington, United States
say & 7) and weighed 250 Ios (118 ko) and wnnivy. birthda ,seek.com - all 3 sources »
Carlos Santana BLAKE SCHwWARZENBACH: American Rock July 20, 1947 Aberdeen, Washington, USA
musician who was the singer and left handed . .
o Place of Birth for Kurt Cobain
guitarist of Jawbrealker from 1988-1996, Jets e imab com - all 6 eourees
to Brazil 1997-2003, The Thorns of Life .... .
Buddy Guy BLAKE SCHWARZENBACH: American Blues 1936-07-30 Hoquiam, Washington, USA
musician who was the singer and left handed Birth Place for Kurt Cobain
guitarist of Jawbreaker from 1988-1995, Jats i aceshowbiz.com - all § sources »
to Brazil 1997-2003, The Thorns of Life Search for more values »
Paul McCartney Guitarists in this category pick with their left Rock 18 June 1042 Liverpool, England
hand and have the strings in the correct order
for a left-handed player (i . the low string on
the top). They either have true left-handed 4 possible values
Ramones While Ritchie was left-handed, he was so Punk rock December 03, 1961
eager to learn the guitar that he mastered the
traditionally right-handed wersion of the
instrument. ... Valens was an accomplished 4 possible values 3 possible values
Tony lommi Francis Anthony Melby "Tony" lommi(born 19 Rock 1948-02-19 Birmingham, England  Still Strumming

February 1948, in Aston, Birmingham,
England) is an English guitarist and songwriter
hest known as the ... He plays guitar

www.google.com/squared/



http://www.google.com/squared/

Application 1: Semantic Queries on Web

G O« }8‘(’_‘ Sq ua red drugs for treating Alzheimer

Square it | Add to this Square

Did you mean: drugs for treating Afzheimer's

drugs for treating Alzheimer

ltem Name

Tacrine

Olanzapine

Acetylcholine

Phosphatidylserine

Reminyl

Vitamin E

Exelon

Aricept

Image
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A 10100 TABLET

Description

Tacrine is the first FDA approved drug for the
treatment of Alzheimer's disease as safe and
effective. The fear of toxicity has been
exaggerated. Liver function testing could be
The Food and Drug Administration (FDA) has
declied to approve Memantineg (namenda ) to
treat mild Alzheimer's. Olanzapine (Zyprexa)
Olanzapine (Zyprexa). Atypical Antipsychotic

Treating the symptoms of Alzheimer's can
provide patients with comfort, dignity, and
independence for a longer period of time and
ean encourage Medlcatlons ealled

Phosphatldylserlne might increase a ehem|ea|
in the body called acetylcholine. Medications
for Alzheimer's disease called
acetylcholmesterase |nh|b|tors also increase

What should | avoid Wh|le takmg Reminyl
{galantamine)? Galantamine can cause side
effects that may impair your thinking or
reactions. ... Reminyl { galantamine) side

While current medications cannot stop the
damage Alzheimer's causes to brain cells,
they may help lessen or stabilize symptoms for
a limited time by affecting certain chemicals

Exelon will not be available in generic form until
Movartis' patent expires in 2014, Sources:
About Exelon for mild to moderate Alzheimer's
dement|a Novarhe Pharmaeeutleale 2008

Ite |mportant to remember that Wh|le ARICEPT
treats the symptoms of Alzheimer's disease, it
is not a cure. ... Before starting on ARICEPT

23 mgfday pat|ente ehould be on ARICEPT 10

Cas Number
321-64-2

132538-06-1

51-84-3

8002-43-5

357-70-0

59-02-9

123441-03-2

120011-70-3

Formula
C13H14M2

CATHZ0MNAS

CTH16MOZ

C13H24MNO10FP

CATHZTNOS

C20H5002

Half Life
2—4 hours

21-54 hours

approximately 2
minutes

7 hours

1.5 hours

70 hours

Pubchem
CID 13935

CID 4585

187

445141

77991

WWW.google.com/squared/
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Application 1: Faceted Search

Hits 1 - 20 of 7576 for german football club (Pagellp A/ FageDown
nextipreviols hits)

deutsch English - Dptions Timeline of English foothall

german football club This is a timeline of English football which contains notable football -rel
hiave occurred both on and off the field . NOTOC 18405 - 18505 -
oy however he could not beat Marlk Hughes ' record for the maost fi
one player . The victory by Chelsea stopped Manchester United from v

roomed in on 7376 documents

A Refine by WORD » Double | *Leeds United A F C entered administration on 4th May after
Club (2848 years struggling with the debt incurred by previous ., ... formation to
clubs (3631) their way from Division Three (now League Two ) to the top flight . 200
clubnumber (833) lose 1-0 to Germany in their opening qualifier for the 2002 World Cup
clube (172) which is also the last game at Wwembley Stadium beforg it ..., . [theres
[top 4] [top 20] [all 74] matches] ..
hitp:Aenwikipedia. orgfwiki/ Timeline_of _English_football
2 Refine by CATEGORY v &%
Living people (2197) History of German foothall
GGerman foothallers (237) The History of German football is one that has seen many changes . F
First Bundesliga roothallers (467) popular game from early on , and the German sports landscape was .
German football clubs (335) purge of Jews from their organisations as ordered by the regime . A fe
[top 4] [top 50] [top 250] [top 1000] as Alemannia Aachen and Bayern Munich |, moved to support or prote
members in the face of these actions . Football was re -organised into
2 Refine by INSTANCE (21448) » & ..., ... [there are more matches] . .

Manchester United F.C., the CLUB http:Afen wikipedia. orgfwiki/History_of German_football

(683)
FC Bayern Munich, the CLUB (676)
Arsenal F.C., the CLUB (552 Timeline of English foothall
Liverpool F.C., the CLUB (307) This is a timeline of English football which contains notable football -rel
[top 4] [top 50] [top 220] [top 1000] hiave occurred both on and off the field . NOTOC

H. Bast et al.: ESTER: Efficient Search on Text, Entities, and relations, SIGIR'07



Application 2: Question Answering (QA)

True Knowledne

The Internet Answer Engine™

What would you like to know?

0 answer

I Who was the us president when elvis died?

Rate this answer.

Jimmy Carter

¥ How do we Know? Analyse this question

/ facts... See reasoning... Cy
| used the following facts to provide this answer.

disagree edit

disagree  edit

disagree edit

« KB from Wikipedia and user edits
» translation of natural-language
guestions into KB queries

3% WolframAlpha

do professors have above average incomes?

Cl

ing ¢ est WolframiAlpha interpretation professors

postsecondary teachers people employed United States

Result:

1.391 million people

E nt hist
14 [—
/-
1.3
1.2
ha illions of pe
Lp
-
2002 2004 2006

« KB of curated, structured data
* not just facts, but also
a#lgorithms & models




Application 2: Deep QA in NL

William Wilkinson's "An Account of the
Principalities of Wallachia and Moldavia"
Inspired this author's most famous novel

This town is known as "Sin City" & its
downtown is "Glitter Gulch"

As of 2010, this Is the only
former Yugoslav republic in the EU

99 cents got me a 4-pack of Ytterlig coasters

from this Swedish chain

i = - =

M $2,400 A $36,681 I ; 55,400 [l
“ ken l | ERAD
| B N B R = |

= ———

guestion
classification & :»

decomposition

D. Ferrucci et al.: Building Watson: An Overview of the &

DeepQA Project. Al Magazine, Fall 2010.

WI[KII;P-EDIA
knowledge . FE:;PJ
back-ends S —

www.lbm.com/innovation/us/watson/index.htm



http://www.ibm.com/innovation/us/watson/index.htm

Application 3: Machine Reading | em’

Hl:

It’s about the disappearance forty years ago of| Harriet Vanger,|a young DRHGON
scion of{ one of the wealthiest families in,S\7veden and aboutlher unclg, TATT09 :
determined to know the truth about whyt he bgheves was her murder. LARS“O?!HEG
Blomkvistjvisit{ Henrik Vanger at same ¢ same and of Hedeby. N
The old man]'l """" SlophRwstdo ormiiSING SO 'd evidence against|\Wennerstrom.
Blomkvist 3> snl a year writinn th Vanger family)history as a cover for ghe real
assignment: the disappearance of \, niece Harriet some 40 years earlier. Hedeby is
home to several generations\Qf Vangers, alf part owners in\Vanger Enterprised Blomkvist
beco inted with the men he extended Vanger family, most of wjiom resent
his presence. Heldoes, however, staxt a shdrt lived affz Ith{Cecilia

. enemyOf
Af SAME yyeripetirat{Salander igas-ha Redlinto his\cc affairWith ersyad sdme @ssISt
him wigt resear¢h. They event g¢r5ir\with AIOVErs, o8t Blomkvist]nhas tr getung close

tq Lisbeth|who $reats virtually everyone sne\meets with hostility. Ulti

discov;x/that[Harriet's brother Martin,| CEO®f[Vanger Industries

A 24-year-old computer hacker|sporting = ~rtment of tattoos and body piercings
gUnrnrte %Qef:;:y doing deep backgrou Jations for Dragan Armansky, who, in
tw S,ame 'ies 1 isbeth Salander]is “the perfect victim for anyone who wished her ill."

O. Etzioni, M. Banko, M.J. Cafarella: Machine Reading, AAAI’06
T. Mitchell et al.: Populating the Semantic Web by Macro-Reading Internet Text, ISWC’09



Named-Entity Disambiguation
K \

Harry|fought With[you Know Who][He]defeats[the dark IordJ

\

Dirty | [Harry | |Prince Harry| | The Who | | Lord
Harry | |Potter | [ of England (band) Voldemort

Three NLP tasks:

1) named-entity detection: segment & label by HMM or CRF
(e.g. Stanford NER tagger)

2) co-reference resolution: link to preceding NP
(trained classifier over linguistic features)

3) named-entity disambiguation:
map each mention (name) to canonical entity (entry in KB)



Mentions, Meanings, Mappings

4 Agnetha Qvarnstrom

Agnetha

Bit’)rn;l Agnetha Faltskog

Benn . ) ,| Benny Goodman
and [Anni-Frid
5 Benny Andersson

Battle of Waterloo

Waterloo Station

gnetha means Agnetha Faltskog

Agnetha means Agnetha Munther "
Agnetha means Agnetha Qvarnstrém Entities
Mentions Bjorn means Bjorn Borg (meanings)
f Bjorn  means Bjorn Ulvaeus
(surface names) | Bjgrn  means Bjérn the Viking
Benny means Benny Goodman
Benny means Benny Andersson
Waterloo means Battle of Waterloo
Waterloo means Waterloo (Ontario)
Waterloo means Waterloo Station
“Waterloo means Waterloo (sona)l -




Mention-Entity Graph

weighted undirected graph with two types of nodes

Iggénritha |AgnethaQ | g_\v

Benny |Agnetha F. | B
and Anni-Frid Benny G. | %
were [Sweden|s | | %
most successful Benny A. ,
pop music group. B. Waterloo |

Their greatest hits
were Waterloo

Waterloo St. | %

and Mamma Mia) Waterloo (s) | %
Popularity Similarity

(m,e): (m,e):

 freg(m,elm) < cos/Dice/KL

* length(e) (context(m),

« #links(e) context(e))




Mention-Entity Graph

weighted undirected graph with two types of nodes

AIAETE | Agnetha Q.
Bi(‘jrn;l
EET |Agnetha F K
and [Anml Benny G.
were [Sweden]s
most successful

POpP Music group. B. Waterloo
Their greatest hits

gLl

(11 gy 11 QL 111 1

|Benny A.

\V/

Waterloo St.
were Waterloo
and (Mamma Mia) Waterloo (s)
Popularity Similarity Coherence
(m,e): (m,e): (e,e’):
 freg(m,elm) < cos/Dice/KL o dist(types)
* length(e) (context(m), « overlap(links)
* #links(e) context(e)) e overlap

(anchor words)




Mention-Entity Graph

weighted undirected graph with two types of nodes

Agnetha

Bidrn;l

were [Sweden|s
most successful

POpP Music group.
Their greatest hits
were Waterloo
and Mamma Mia)

Popularity Similarity

(m,e): (m,e):

 freg(m,elm) < cos/Dice/KL
* length(e) (context(m),
« #links(e) context(e))

Benny |Agnetha F.
and [AHM' Benny G. |

iAgnetha Q. |

|Benny A. |

B. Waterloo |

Waterloo St. |

Waterloo (s) I

Swedish female singers
people from Jonkoping
singers

musicians

Swedish songwriters
people from Stockholm
composers

musicians

ABBA songs

#1 chart singles
songs

artifacts

Coherence

(e,e’):

o dist(types)

e overlap(links)

« overlap
(anchor words)



Mention-Entity Graph

weighted undirected graph with two types of nodes

A_g”etha Agnetha Q. |
Bi(‘jrn;l
Benny Agnetha F.

http:/l.../wiki/ABBA
http:/l.../;wiki/Anni-Frid_Lyngstad
http:/...Iwiki/Jonkoping
http:/l.../wiki/Eurovision_Song_Cor

http://.../.wiki/ABBA

were [Sweden|s
Benny A. |
most successf

pop music group. B. Waterloo |
Their greatest hits Waterloo St |
were Waterloo

and Mamma Mia) Waterloo (s) |

and [AHN Benny G. |
ul

http://.../wiki/Anni-Frid_Lyngstad
http:/l.../lwiki/Mamma_Mia!
http:/l.../wiki/Agnetha_Faltskog

http://.../wiki/ABBA
http:/l.../wiki/Eurovision_Song_Cor
http://.../wikilMamma_Mia!

Popularity Similarity

(m,e): (m,e):

 freg(m,elm) < cos/Dice/KL
* length(e) (context(m),
« #links(e) context(e))

Coherence

(e,e’):

o dist(types)

e overlap(links)

« overlap
(anchor words)
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http://en.wikipedia.org/
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Mention-Entity Graph

weighted undirected graph with two types of nodes

op group ABBA
Agnetha Agnetha Q. | Best-selling music artist in history
B | orn z| Melodifestivalen
Benny Agnetha F. The Winner Takes It All
and P‘”N Benny G. |  pop group ABBA
ul

were [Sweden|s Grammy Award nomination

Melodifestivalen
most successf ST l Mamma Mia!
POpP Music group. B. Waterloo |

i i Agnetha Faltskog
Their greatest hits Waterloo St. | Benny Andersson

were Waterloo

number-one single in Norway

and Mamma Mia) Waterloo (s) I Mamma Mial

Popularity Similarity Coherence
(m,e): (m,e): (e,e’):
 freg(m,elm) < cos/Dice/KL * dist(types)

* length(e) (context(m), « overlap(links)
* #links(e) context(e)) e overlap

(anchor words)




Joint Mapping

20

10

30
90

* Build mention-entity graph or joint-inference factor graph
from knowledge and statistics in KB

« Compute high-likelihood mapping (ML or MAP) or
dense subgraph such that:
each m is connected to exactly one e (or at most one e)

K. Kulkarni et al.: Collective Annotation of Wikipedia Entities in Web Text, KDD‘09
J. Hoffart et al.: Robust Disambiguation of Named Entities in Text, EMNLP’11



AIDA Accurate Online Disambiguation

http://Iwww.mpi-inf.mpg.de/yago-naga/aida/

Disambiguation Method:

Input Type:TEXT

Parameters: {(default should be OK)

Similarity Impact: 0.9

Amb\%ity degree 5

Coherence threshold: 0.9 ;. VE Similarity Weighted Degree
. . rAantha FaltSI{D ':ﬂ _, 497821536934663 0.052519420551120015
Mention Extraction: 279548264326E-5 0.011433304988 143424

S e e Manyal rE I u 18 U Iva el S'I - ! E enn 57274091523E-5  0.009133432457 122746

:aunut:;nr;nnadneually tag the mentions by putting them between [[ Anderssﬂn]-, and %ig%g%gigggz EEEEE%EE%EEE%EZZ
0.004746791833856193¢

W) Bz UumE=== sy | [Anni-Frid Lyngstad] ARRicErid

RSB E

|Z|I | !|| = iy —*||* ¢

C oconwemsesiora
L comeiomsesen
"™ formed [Sweden]Sweden's '

" most successful pop music
Agnetha, Bjérn, Benny, and Anr : .
successful pop music group. The group. Their greatest hits
and 505. were [Waterloo (ABBA

song)]Waterloo and SOS.
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AIDA Accurate Online Disambiguation

http://www.mpi-inf.mpg.de/yago-naga/aida/

Disambiguation Method: . r N——————
InPUt TypETABLE ‘ Graph ‘ Removal Steps ‘
T
Similarity Impact. 0.9 e solved by local sim. only)
= Totntiam Hoispur ——
Coherence thﬁmld' 0.9 E]_ tity ME Similarity Weighted Degree Weig::_ig\?ei
rpeter CrﬂUCh]- ! 8.912607921453174E-4 0.282339625632226 0.156253808
Mentiun Extractiun: 0.060602238345761804 -1.0
[FC Ba\rern Munich]- 3900915738864 0.0459465069323101 1.0
Stanford NER Manual 0.02171347034201928  -1.0
: 0.0020525462869665713 -1.0
You can manually tag the mentions by putting them between [[ and [Arjen F"',"‘;'I:)I:)en.l- nthe
manual mode. [FC Shakhtar

B 7 U x|=E===|syes . Donetsk]SRakhtar

w
4

X B @G (8= = A - [Adriano Leite | '
[Manchester United ik

Tottenham|Crouch F.c.|ViERD
Bayern Robben [David Beckham] Beckham|
Shakhtar |Adriano [Chelsea F.C |GReiSed
ManU Beckham [Michael Ballack] BElIGER gl sim. oty
Chelsea Ballack [Real Madrid C.F.REal —
Real Raul [Raul Gonzalez] REU
Milano Basten [A.C. Milan]Milano) B

[John Basten]Basten|
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Application 4: Annotation of Web Data

Given a Web table (in HTML, XML, ...)

* annotate column with entity type

e annotate pair of columns with relationship type
e annotate table cell with entity ID

Relation label

---------------------
lllllllllllllllllllllllllllll
""""""""""
lllll
.........
o* "y

WHIeS({BOOl‘(,P?rson) i .“'.u----. . '"--u...... ".'.-.uu-----..--uu--:.f}i ...:....-
;1 } SISODS MR | JEntity  Type Title o .-' : Author
.-'. PErSonr==»*s="r=""" .ﬂ/.p'e- L;E);] Uncle Petros and the Goldbach conjecture A Doxiadis.
- l\ | e RRPTTLIILLL Uncle Albert and the Quantum Quest Russell Stannard

@ Entities .:. @
: : Entity label

4 ,::.'t.. ....".°.\0\‘000000I'. S80rsevscenese
f T Fesumnns H $ = s Al AN X ¥ tes,
thﬁt.\llle Alal:? d:,Space E— _.i_._:_;..-.,_ Relativity: The Special and the General Theory A. Einstein
¥ ’ ki Albert Einstein | T Saesssesssnsesssans T e

q Uncle Albert and tfl:e

Quantum Quest y -

[Relativity: The Special... |

G. Limaye, S. Sarawagi, S. Chakrabarti: Annotating and Searching Web Tables
Using Entities, Types and Relationships, PVLDB 2010

Catalog



Application 4: Map Annotation

e Determine geo entities (landmarks) in vicinity, via GPS
* Show information about these entities, obtained from KB
 Smartphone and Augmented-Reality applications

Embassy
of the
United

| Kingdom
in Berlin

C. Becker, C. Bizer: Exploring the Geospatial Semantic Web with DBpedia Mobile,
J. Web Sem. 2009



Spectrum of Machine Knowledge (1)

factual:
bornin (GretaGarbo, Stockholm), hasWon (GretaGarbo, AcademyAward),
playedRole (GretaGarbo, MataHari), livedIn (GretaGarbo, Klosters)

taxonomic (ontology):
instanceOf (GretaGarbo, actress), subclassOf (actress, artist)

lexical (terminology):
means (“Big Apple“, NewYorkCity), means (“Apple“, AppleComputerCorp)
means (“MS“, Microsoft) , means (“MS*“, MultipleSclerosis)

multi-lingual:

meansInChinese (, 5T X2 E“, K2), meansinUrdu (,, “ K2)
meansinFrench (,,école”, school (institution)),
meansinFrench (,,banc“, school (of fish))



Spectrum of Machine Knowledge (2)

ephemeral (dynamic services):
wsdl:getSongs (musician ?X, song ?y), wsdl:getWeather (city?x, temp ?y)

common-sense (properties):

hasAbility (Fish, swim), hasAbility (Human, write),
hasShape (Apple, round), hasProperty (Apple, juicy),
hasMaxHeight (Human, 2.5 m)

common-sense (rules):

Vv x: human(x) = male(x) v female(x)

Vv x: (male(x) = — female(x)) A (female(x) ) = — male(x))

Vv x: animal(x) = (hasLegs(x) = isEven(nhumberOfLegs(x))

temporal (fluents):
hasWon (GretaGarbo, AcademyAward)@1955
marriedTo (AlbertEinstein, MilevaMaric)@[6-Jan-1903, 14-Feb-1919]



Spectrum of Machine Knowledge (3)

free-form (open IE):

occurs (,,Natalie Portman®, ,,celebrated for“, ,,Oscar Award®)
occurs (,,Jeff Bridges“, ,,nominated for“, ,,Oscar*)

multimodal (photos, V|deos)
StuartRussell &
JamesBruceFalls

social (opinions):
admires (maleTeen, LadyGaga), supports (AngelaMerkel, HelpForGreece)

epistemic ((un-)trusted beliefs):
believe(Ptolemy,hasCenter(world,earth)), believe(Copernicus,hasCenter(world,sun))
believe (peopleFromTexas, bornin(BarackObama,Kenya))



This Tutorial

In this tutorial, we will explain:

* how a knowledge base is organized

* which knowledge bases are publicly available

 how we can automatically construct knowledge bases
 how we can query a knowledge base and rank the results
* how we can deal with inter-linked knowledge bases

We discuss:

* fundamental models & methods

* state-of-the-art techniques

* open problems & research challenges
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RDFS-Ontologies

resource

subclassOf ubclassOf

person location Classes
subclassOf ‘
subclassOf
scientists singer .
& city
type Relations
S8 bornin

>| Tupelo ‘ Instances

An RDFS-ontology can be seen as a directed labeled multi-graph,
where the nodes are entities and the edges relations.



Labels

resource

subclassOf ubclassOf

location Classes
subclassOf
subclassOf
scientists singer
type
type Relations
’ A bornin
“,, \ >| TUpElO ‘ The same entity
3 has two labels:
label
The same label SYIOTVITY
for two entities: “The King” Labels/words

homonymy




Event Entities

Winner |Prize|Year
1967 Row4?2 Elvis Presley Grammy Award 1967

Row43 .
year

An event entity

is an artificial entity
winner introduced to represent
an n-ary relationship

‘ ElvisGrammy ‘

prize

‘ Grammy Award |€ —

Event entities allow representing
arbitrary relational data as binary graphs



Classes

resource

resource
subclassOf

person

subclassOf

scientists

singer

A class can be seen as a set of similar entitie
The type relation expresses class membership
The subclassof relation expresses inclusion




Entailment

RDFS specifies entailment
rules of the form

resource
subclassOf

person

If the KB contains triples
of this form

subclassOf

<cientists then add this triple

singer

Example:

<X, type, C>
<C, subclassOf,D>

<X,type,D>

This computation terminates in polynomial time #nobianknodes are presen).



Relations

resource
subclassOf

person

domain range

bornln

singer

subclassOf

location

subclassOf

Las | bornln)l

Relations are by themselves entities.
Facts can talk about relations.

Tupelo ‘

Looks like higher order, but
is not. Everything is just
triples.




OWL

The Web Ontology Language (OWL) is a set of predicates with special
additional semantic rules.

Parent

hasElement hasElement

: IFather ‘
IntersectionOf 'T‘

X type C type
C intersectionOf LIST
LIST hasElement Z

X type [~

The “list” is an RDF list with predicates defined there



OWL Undecidability

OWL defines so powerful predicates that it is undecidable.

Parent

hasElement

hasElement
. : IFather‘
owl:IntersectionOf R
Owl:h Oy
‘Nypers Ity type
ymmetricp Of
owl:oneOf ~ Perty 0 O
C mx_)\(\

\c‘“

The “list” is an RDF list with predicates defined there



OWL-DL

There are several decideable fragments of OWL, e.g., OWL-DL.

Parent

hasElement hasElement

: I Father‘
owl:IntersectionOf R

type

OWL-DL mirrors the Description Logic SHOIMP),

father = parent | | man




Reification

Reification is the method of creating an entity that represents a fact.

year

source
#42 ->| Wikipedia |

won
#42

Grammy Award |¢




RDES: Summary

‘ resource ‘

The Resource Description Format (RDF(S)) =
is @ W3C standard that provides a standard subclassOf
vocabulary to model ontologies.

‘ location ‘

An RDFS ontology can be seen as a
directed labeled multi-graph where subclassOf
e the nodes are entities
e the edges are labeled with relations
Edges (facts) are commonly wrltten type
e astriples "y bornl

<Elvis, bornin, Tupelo> >| Tupelo ‘
e 3s literals

bornln(Elvis, Tupelo)

[W3C RDF 2004]
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Cyc

What if we could make all \Q -

common sense knowledge
@ Cyc project

computer-processable?
Cyc is a knowledge base
about common sense knowledge
A e started in 1984

Douglas Lenat .

e drivenby CYCOIP

e staff of 20

e goal: formalize knowledge

manually

[Lenat, Comm. ACM 1995]



Cyc: Language

Cycl is the formal language that Cyc uses to represent knowledge.
(Semantics based on First Order Logic, syntax based on LISP)

(#$forall ?A f
(#$implies @ Cyc project

(#$isa ?A #$Animal)
(#$thereExists M
(#$mother ?A °M))))

(#%arity #$GovernmentFn 1)
(#%argllisa #%$GovernmentFn #$GeopoliticalEntity)
(#$resultlIsa #%$GovernmentFn #$RegionalGovernment)

(#$governs (#$GovernmentFn #$Canada) #$Canada)

http://cyc.com/cycdoc/ref/cycl-syntax.html



http://cyc.com/cycdoc/ref/cycl-syntax.html
http://cyc.com/cycdoc/ref/cycl-syntax.html
http://cyc.com/cycdoc/ref/cycl-syntax.html

Cyc: Example of Content

#SLove
Strong affection for another agent arising out of kinship or personal ties.

guid: bd589433-9¢29-11b1-9dad-c379636f7270
direct instance of: #SFeelingType :
direct specialization of: #SAffection (Ev Cyc project

direct generalization of: #SLove-Romantic

http://cyc.com/cycdoc/vocab/emotion-vocab.html#Love

Facts and axioms about: Transportation, Ecology, everyday life,
chemistry, healthcare, animals, law, computer science...

If a computer network implements IEEE 802.11 Wireless LAN Protocol
and some computer is a node in that computer network, then that
computer is vulnerable to decryption. iuwweccomiecechnoiosymhatiseve dimaptest



http://cyc.com/cycdoc/vocab/emotion-vocab.html
http://cyc.com/cycdoc/vocab/emotion-vocab.html
http://cyc.com/cycdoc/vocab/emotion-vocab.html
http://cyc.com/cyc/technology/whatiscyc_dir/maptest
http://cyc.com/cyc/technology/whatiscyc_dir/maptest

Cyc: Summary

I suvo

Content Common sense knowledge, Common sense knowledge,
axioms axioms
Main strength  Huge ontology, with tools Free research project
Technique Manual Manual
License proprietary, OpenCyc is GNU GPL SUMO is a
Apache License V2.0 research
Entities 500k 20k projectin a
Assertions 5m 70k similar spirit,
driven by
Relations 15k
Adam Pease.
Tools Reasoner, NL tool Reasoner
URL http://cyc.com http://ontologyportal.org

References [Lenat, Comm. ACM 1995] [Niles, FOIS 2001]

http://cyc.com/cyc/technology/whatiscyc_dir/whatsincyc in 2010 http://ontologyportal.org



http://cyc.com/cyc/technology/whatiscyc_dir/whatsincyc
http://ontologyportal.org

WordNet

N
What if we could make \Q -
the English language

computer-processable?

WordNet is a lexicon of the English language
e started in 1985

e driven by the Cognitive Science Laboratory,
Princeton University

e written by lexicographers

e goal: formalize the English language

Georg}e Miller,
Christiane Fellbaum

[Miller, CACM 1995]



WordNet: Content

Concept T
hierarchy

{equipment}

(o,
Concept < ]
(usynsetn) 7 3‘ jj
Synonymous { camera, { camera,
words for photographic camera} television camera}
the concept Gloss “television equipment
describing consisting of a lens system

that focuses an image on a

the concept - _
photosensitive mosaic”




WordNet: Semantic Relations

Relaton | Meaning | bramples

Synonymy
(N, V, Adj, Adv)

Antonymy
(Adj, Adv)
Hypernymy (N)
Meronymy (N)

Troponymy (V)

Entailment (V)

Same sense

Opposite

subclassOf

Part

Manner

X must mean doing Y

(camera, photographic camera)
(mountain climbing,
mountaineering)

(fast, speedy)

(fast, slow)

(buy, sell)

(camera, photographic equipment)
(mountain climbing, climb)

(camera, optical lens)
(camera, view finder)

(buy, subscribe)
(sell, retail)

(buy, pay)
(sell, give)



WordNet: Summary

WordNet: A lexicon of the English language.

Content Adjectives, verbs, nouns and adverbs of the
English language

Format Visualization tool
data downloadable in Prolog-like format

Main strength High quality lexicon for English
Technique Manual
Size Words: 155k

Senses: 117k

Word-sense pairs: 207k

License Proprietary, free use
Reference [Miller, Comm ACM 1995]
URL http://wordnet.princeton.edu

http://wordnet.princeton.edu/wordnet/man2.1/wnstats.7WN.html



http://wordnet.princeton.edu/wordnet/man2.1/wnstats.7WN.html

Wikipedia

If a small number of people
can create a knowledge base,
how about a LARGE number

Wikipedia is a free online encyclopedia
e started in 2001

e driven by Wikimedia Foundation,
and a large number of volunteers

e goal: build world’s largest
encyclopedia

Jimmy Wales



Wikipedia: Articles and Attributes

1 Article == 1 Page == 1 Entit _
Elvis Presley % 8 y Elvis Presley

o

-
-
3

Elvis Aaron Presley (January 8, 1935 — August 16,

1977) was one of the most popular American

singers of the 20th century.
I

Full text information

I f b * Publicity photo for Jailhouse Rock (1557
n O OX . x Background information
Birth name  Elviz Aarcn Presley

Tabular information in the form
Attribute: Value Tise isssson

Died August 18, 1877 (aged 42)

Born January 8, 1935

A page is in one or multiple categories. Genres  Rockand ro, pop,rockabily

= $m shiee rnansl 2R
country, DIUES, gOSpeEl, RK&D

Categories form a hiera rChy Occupations NMusician, actor

Instruments Vecals, guitar, pianc

Years active 1554-77

Categories: American Rock singers



Wikipedia: Summary

Wikipedia: A free online encyclopedia.
Content Entities of public interest (people, geography, music...)
Format Full text, downloadable in XML
Main strength Good quality, large coverage, free
Technique Manual creation by the community
Size Articles: 18m (3.6m in English)
Languages: 281
License Creative Commons Attribution-ShareAlike (CC-BY-SA)

URL http://download.wikimedia.org/
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Knowledge Bases from Wikipedia

Can we construct the
knowledge bases

automatically from
Wikipedia?

]

Heidelberg Institute for NG ’
Theoretical Studies >&
/" NHTS
Mla Freebase




Basic idea

{{infobox Singer {{infobox Singer

dateOfBirth: 1935 birthDate: 1935

Blah blah blub fasel
(do not read this,
better listen to the
talk) blah blah Elvis
blub (you are still
reading this) blah
Elvis blah blub blah
blubbeldiblub

Elvis Presley

~Infobox™
Born: 1935

Basic idea is the same for all approaches.
They differ in how

* they deal with synonymous attributes

* they construct a taxonomy



WikiNet

{{infobox Singer {{infobox Singer

dateOfBirth: 1935 birthDate: 1935

Tt

birthDate Category: 1935 births

$

WikiNet started in 2010

;ﬂ and is driven by the

7 NHITS Heijdelberg Institute for
Theoretical studies (HITS)

birthDate 1935

Main idea: Categories and infobox attributes cross-fertilize



WikiNet: Summary

Content
Format
Sources
Main strength

Technique

Size

License
URL

References

Entities of public interest
inverted index as plain text
Wikipedia

Focus on multilinguality

Extraction from Wikipedia,
propagation of category and infobox attributes

Entities: 3 m
Facts: 50m
Relations: 500

Creative Commons BY-SA

http://www.h-its.org/english/research/nlp/download/wikinet.php

[Nastase, LREC 2010]



DBpedia

A -
DBpedia
Started in 2007, driven by Free
U. Berlin, U. Leipzig, OpenLink

Main idea: Build a community
of people who can define and
curate the extraction patterns.

{{infobox Singer

birthDate: 1935

“birthDate” = born




DBpedia

{{infobox Singer
altName: The King
birthDate: 1935

birthDate,
dateofBirth,... 2 born

altName
‘The King |6
\ ) \ |
| Y
All infobox attributes In a separate space:

Attributes with
manual patterns



DBpedia

{{infobox Singer

‘ person ‘ altName: The King
T birthDate: 1935
singer

The community constructs
the taxonomy manually

Currently:
e 280 classes
e covers 50% of all entities




DBpedia

manual ‘ person ‘ o YAGO\‘ human ‘
singer ‘American artist ‘

The community constructs
the taxonomy manually

Currently:
e 280 classes
e covers 50% of all entities

Complemented by the
YAGO taxonomy



DBpedia

Content Entities of public interest
Format RDF, APl, SPARQL
Sources Wikipedia, YAGO/WordNet

Main strengths Focus on coverage,
interlinking with other data sets

Technique Extraction from Wikipedia + manual supervision by
the community

Size Entities: 3.5m (in manual taxonomy: 1.7m)
Facts: 670m

Attributes: 9k (manually defined: 1k)
Manual Classes: 280

License CC-BY-SA & GNU FDL

URL http://dbpedia.org

Reference [Auer, ISWC 2007], [Bizer09, JWS 2009]



YAGO

YAGO (Yet Another Great Ontology)
started as PhD thesis in 2007,

now major project at the Max
Planck Institute for Informatics in
Germany

Main idea: Let the ontology check
itself for precision.

{{infobox Singer

birthDate: 1935

manually defined
patterns




YAGO: Classes

WordNet Person

4 )

‘Person ‘ |subclassOf
15ubdass@f ) [ |

Singer ‘ el
‘ 5 NT\ subclassOf

Elvis Presleh ‘ Rock Singer ‘

(ad ~
Blah blah blub fasel Infobox
(do not read this, .
better listen to the Born . 1935
talk) blah blah Elvis
blub (you are still
reading this) blah

Elvis blah blub blah
blubbeldiblub

* Use selected categories as types
 Add WordNet for Taxonomy

Categories: Rock singer




YAGO: Consistency Checks

subclassOf

‘Singer \

\T\ subclassOf

Guitarist

‘ Rock Singer ‘

@ borninCity

Check uniqueness of functional arguments
Check domains and ranges of relations

Check type coherence



YAGO: Annotations

Addingin {  GeoNames

Person _’l personne I‘

and some rule-based fact deduction @ir_l—’l cfjanteur ,n

Adding in the Universal WordNet

~ 1/3 of entities
and facts have a
geospatial and/or
temporal
annotation

e
i
\“"’;,«
I -

‘ Rock Singer ‘

married Ve

| [1945-+H 1967 | | Las Vegas —>{ 36N/115W |




YAGO: Summary

Content
Format
Sources

Main strength
Precision

Technique

Size

License
URL

References

Entities of public interest

TSV, RDF, XML, N3, Web Interface

Wikipedia, WordNet, Geonames

Focus on precision, geotemporal annotations, multilingual
95%

Extraction from Wikipedia + matching with WordNet &
Geonames + consistency checks

Entities: 3 m (+ geonames -> 10m)
Facts: 120m (+geonames -> 460m)
Relations: 100, Classes: 200k, Languages: 200

Creative Commons BY-SA

http://mpii.de/yago

[Suchanek, WWW 2007] [Hoffart, WWW 2011]
[deMelo, CIKM 2010]



Freebase

o [ N
P ?4 W &
L. aRpee
recbase " # ./ |MusicBrainz

Freebase started in 2000, driven by
Metaweb, part of Google since 2010

Imports data from Wikipedia and other

sources (e.g., ChefMoz, NNDB, and
MusicBrainz).

Main idea:

In Wikipedia, people edit articles.
In Freebase, people edit facts.



Person /people/person

edit Ew

Freebase

Date of birth:

Place of birth:

Country of
nationality:

Gender:
Profession:
Religion:

Ethnicity:

Parents:

Children:

People
Jan 8, 1935
location containe
Tupelo Lee Cou
Mississip
United S
| 2 country
l
| Jmte[kStates ofAmencall
Select an item from the list:
United States of America Country

Episcopal Church in the United States of Am Religion

view more

Your tem not in the list?

person 2 = y
} Create new Country | (Shift<Enter
Lisa Marie Presley 1S




Freebase: User Contribution

Edit Entities

-

* create new entities

* assign a new class to an entity
» add/change attributes

e connect to other entities
 upload/edit images

\_

~

/

* flag vandalism
* flag entities to be deleted
* vote on flagged content
(3 unanimous vote,
or expert as tie-breaker)

/ Edit Schema ﬁ

* define new class

* specify attributes of the class
* only by creator/admin

* class is peer-reviewed &
promoted by staff/admin

N\ /
/ Data Game ﬁ

* find aliases in Wikipedia

* extract dates of events from
Wikipedia articles

* use Yahoo image search API

\_ /




Freebase: Community

r Experts ﬂ

e act as tie breakers
* split entities
* “rewind” changes

Inducted by current

Q(perts.

/—Admins \

* create new classes
and attributes

* respond to
community
suggestions

Promoted by staff

e

or other admins.

Members

e edit
* review,
* vote

Anyone can be a
member.



Freebase: Summary

Freebase is a large collaborative knowledge base owned by Google.

Content
Format

Construction

Sources
Main strength

Size

License
URL

Entities with public information
API, RDF

by the community
data import from public sources

Wikipedia, Libraries, WordNet, MusicBrainz...
free and large

Facts: several millions

Entities: 20 m

Creative Commons Attribution (CC-BY)

http://download.freebase.com

http://wiki.freebase.com/wiki/FAQ#How big is Freebase.3F



http://wiki.freebase.com/wiki/FAQ
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Read the Web/NELL

“Read the Web/NELL” is a project at the
Carnegie Mellon University in Pittsburgh, PA, since 2009.

Initial Ontology \

Miller Red Angels

Table Extractor
Krzewski Blue Angels J

Natural Language
Pattern Extractor t

Krzewski coaches the
Blue Deuvils.

Mutual exclusion

sports coach !=scientist

L !

Type Check
If | coach, am | a coach?

+ regular human feedback



Read the Web/NELL

NELL Know * arthropod (100.0%)
CMU Read the Wel o Seed

o CPL @156 (100.0%) on 30-sep-2010 [ "hind wings of _" "invertebrates , such as _"
" swarm from" "other insects , including _" "_ marching home" "honeydew producs

like _" "other insects , such as _""_do not eat wood" "many legs as _""_ produce s
have complete metamorphosis” "
"such insects as " " red imported
, such as _" "arthropods include _" "insect pests including _
pests , such as _" "other insects such as _
like _" "many insects , including _""_ are social insects" "insect pests such as _""_;
pests , including _" "arthropods , including _" " "
"arthropods , such as _"]

_are beneficial insects" "_are commn
o SEAL @151 (50.0%) on 26-sep-2010[1 ]

-

"Il do n't see anymore _
_ are the only insects" "

ants , so " "insecticide fo
""insects like " "social it

y " "meaty foods like o

insects , in particular _""_ release a ph

language kateretes (Seed)

gglzglri;'l:::l'llnglanguage mosquito (Seed)
gamescore peppered moth (Seed)
nonneginteger sap beetle (Seed)
politicsissue tettigoniidae (Seed)
ag;:&unrdlnate triatoma protracta (Seed)
animal honeylocust spider mite
invertebrate grape flea beetle
arthropod blueberry leaf beetle

arachnid

insect

crustacean
mollusk bagworm moth

sugarcane moth borer
psychoda moth flies

vertebrate carpenterworm_moths

amphibian leafcurl plum_aphid http://rtw.ml.cmu.edu/rtw/
fish merchant grain beetle



http://rtw.ml.cmu.edu/rtw/

Read the Web/NELL

NELL is an information extraction system that runs continuously.

Content Entities mentioned on Web pages
Format TSV
Construction by a perpetual extractor
Sources The Web
Main strength Not limited to a specific source
Size Facts: 800k

Categories & relations: 633
Reference [Carlson, AAAI 2010]

URL http://rtw.ml.cmu.edu/

http://rtw.ml.cmu.edu/rtw/overview



http://rtw.ml.cmu.edu/rtw/overview

Wolfram Alpha

Can we compute
answers to questions
instead of showing Web

P& WolframAlpha .

Wolfram Alpha is a question answering system
 started in 2009

e driven by Wolfram Research

* goal: provide answers instead of Web pages
Stephen Wolfram



Wolfram Alpha: Content

Do professors have above average income?

Azzuming "professors” is an occupation | Use as = word instead

Assuming any type of postsecondary teachers | Use

e computes answers from an
internal knowledge base of
curated, structured data.

Input interpretation:

postsecondary teachers people employed Unite

il * stores not just facts, but also
1.391 milli | 1
million people algorithms and models
Employment history:
1.4 | ' ! — _;__f-‘!

1.3 2
1.2

(from 2001 to 2008
1.1 7 ; I =
(in millions of peoj
]
]

s

2002 2004 2006



True Knowledge

True Knowledge is a project similar in spirit, driven by
William Tunstall-Pedoe’s company.

| Who was the us president when elvis died?

Share tms:gne

Y How do we know?

v facts..

| used the following facts to provide this answer:
August 16th 1977 is the date of death of Elvis Presley

nmn'l'i'gmrha% w:n the president of the United States
between January 20th 1877 and January 20th 1981

Jimmy Carter has heen a US president between January 20th
1977 and January 20th 1981

Rate this answer;

9 answer

Analyse this question

See reasoning... C

agree disagree edit

3gree disagree edit

aqree disagree edit

True Knowledne

The Internet Answer Engine™ H cETA



Wolfram Alpha & TrueKnowledge

- Wolfram Alpha TrueKnowledge

Content
Sources

Main
strength

Technique

Size

License

URL

Facts, Algorithms, Models, Data
Public data

Computational NL queries on public
data

built-in data and algorithmes,
curated by experts

Facts: 10 trillion
Algorithms: 50k

Proprietary, access by Web form

http://wolframalpha.com

http://www.wolframalpha.com/about.html|

Entities of public interest
Wikipedia
Natural Language Query

answering on public data

Extraction from Wikipedia + user
feedback + consistency checks

Entities: 25m
Facts: 600m

Proprietary, access by API

http://trueknowledge.com

http://trueknowledge.com



http://trueknowledge.com/
http://www.wolframalpha.com/about.html
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Outline for Part Il

Domain-oriented IE vs. Open-domain IE
— What to extract: entities, classes, binary & higher-arity relations

Entities, Classes & Subsumptions
— WordNet concepts, Wikipedia categories, entity disambiguation

Pattern-based Knowledge Harvesting
— Wrapper induction, WebTables, statistical pattern mining

Probabilistic Extraction Models
— HMMs, MEMMs, CRFs

Constraints & Reasoning
— MLNSs, CCMs, FactorlE, SOFIE/PROSPERA

Open-domain IE
— ReadTheWeb, TextRunner, Omnivore, REVERB

Advanced reasoning
— Temporal/spatial annotations of facts



Two Paradigms in Information Extraction (IE)

Surajit
obtained his
PhD in CS from

Stanford University

under the supervision

of Prof. Jeff.

He later joined HP and
worked closely with

Umesh ...

k source-
centric IE

—

1) recall !
2) precision

one or few sources

h

[N

ﬂ“

i‘

many sources

yield-centric
harvesting

1) precision |
2) recall

<Surajit> , obtained his“ <PhD>
<Surajit>,,PhD in“ <CS>

<Surajit> ,,under supervision” <Jeff>
<Surajit>,,PhD from” <Stanford>
<Surgajit> ,joined” <HP>

<Surajit> ,works with”“ <Umesh>

near-human
. uality!
hasAdvisor q Y
| Student [ Advisor |
Surajit Jeff
Alon Jeff
Jim Mike
almaMater
| Student | University |
Surajit Stanford U
Alon Stanford U
Jim UC Berkeley

3] ultewop-uadQ

3] pajualio-ulewoq



Entities & Classes

Which entity types (classes, unary predicates) are there?
scientists, doctoral students, computer scientists, ...
female humans, male humans, married humans, ...

Which subsumptions should hold

(subclass/superclass, hyponym/hypernym, inclusion dependencies)?

subclassOf (computer scientists, scientists),
subclassOf (scientists, humans), ...

Which individual entities belong to which classes?

instanceOf (Surajit Chaudhuri, computer scientists),
instanceOf (Barbaraliskov, computer scientists),
instanceOf (Barbara Liskov, female humans), ...

Which names denote which entities?

means (“Lady Di“, Diana Spencer),

means (“Diana Frances Mountbatten-Windsor”, Diana Spencer), ...
means (“Madonna”, Madonna Louise Ciccone),

means (“Madonna“, Madonna(painting by Edward Munch)), ...



Binary Relations

Which instances (pairs of individual entities) are there
for given binary relations with specific type signatures?

hasAdvisor (JimGray, MikeHarrison)

hasAdvisor (HectorGarcia-Molina, Gio Wiederhold)
hasAdvisor (Susan Davidson, Hector Garcia-Molina)
graduatedAt (JimGray, Berkeley)

graduatedAt (HectorGarcia-Molina, Stanford)
hasWonPrize (JimGray, TuringAward)

bornOn (JohnLennon, 9-Oct-1940)

diedOn (JohnLennon, 8-Dec-1980)

marriedTo (JohnLennon, YokoOno)

Which additional & interesting relation types are there
between given classes of entities?
competedWith(x,y), nominatedForPrize(x,y), ...

divorcedFrom(x,y), affairWith(x,y), ...
assassinated(x,y), rescued(x,y), admired(x,y), ...



Higher-arity Relations & Reasoning

Time, location & provenance annotations
Knowledge representation — how do we model & store these?

Consistency reasoning — how do we filter out inconsistent facts that
the extractor produced? how do we quantify & manage uncertainty?

Reification:
Facts (RDF triples): “Facts about Facts”:
1: (JimGray, hasAdvisor, MikeHarrison) 6: (1, inYear, 1968)
2: (SurajitSurajit, hasAdvisor, Jeffleff) 7: (2, inYear, 2006)
3: (Madonna, marriedTo, GuyRitchie) 8: (3, validFrom, 22-Dec-2000)
4: (NicolasSarkozy, marriedTo, CarlaBruni) 9: (3, validUntil, Nov-2008)
5: (ManchesterU, wonCup, ChampionsLeague) 10: (4, validFrom, 2-Feb-2008)

11: (2, source, SigmodRecord)
12: (5, inYear, 1999)

13: (5, location, CampNou)
14: (5, source, Wikipedia)



Outline for Part Il

Domain-oriented IE vs. Open-domain IE ¢/
— What to extract: entities, classes, binary & higher-arity relations

Entities, Classes & Subsumptions
— WordNet concepts, Wikipedia categories, entity disambiguation

Pattern-based Knowledge Harvesting
— Wrapper induction, WebTables, statistical pattern mining

Probabilistic Extraction Models
— HMMs, MEMMs, CRFs

Constraints & Reasoning
— MLNSs, CCMs, FactorlE, SOFIE/PROSPERA

Open-domain IE
— ReadTheWeb, TextRunner, Omnivore, REVERB

Advanced reasoning
— Temporal/spatial annotations of facts



Unary Relations - Classes, Instances, Subsumptions

 Taxonomy construction
— Mapping Wikipedia categories onto Wordnet
— Subsumption & consistency checks
— Long tail of entities and classes

* Entity disambiguation
— Individual vs. joint disambiguation



WordNet Thesaurus [Miller/Fellbaum 1998]

WordNet Search - 3.0 - Wordlet home page - Glossary - Help
search WordMet |

“hange) E Change
) relations, W = Show Word (lexcal) relations

Word to search for: [parner

3 concepts / classes &
their synonyms (synsets)

a perso's patther in

spouse, partner, married person, mate, better half

(at associate man activty or

coXabarators"; "sexual pariners"”
a personl who 18 a member of a patrtnership)

= (v) partmer (provide with a partner)
= (v) partner (act as a patther) "Asiqire partnered Rogers”

http://wordnet.princeton.edu/



http://wordnet.princeton.edu/

WordNet Thesaurus [Miller/Fellbaum 1998]

Noun

e 5 (n) spouse, partner, married person, mate, better half {a person's partner i marnage)

O direct hvporyvem | full lvpone

= () bigarnist (someone who mardes one person while already legally m
= (n) consott (the hushand or wife df a relgring monarch)
= (1) helpinate, helpmeet (a helpful artner]l

= (n) husband, hubky, martied man [am

subclasses
(hyponyms)

an, a wotnan's parther it fiariage)

= (n) monogatmist, monoegynist (sompone who practices monogatny (one spouse at a time))

= (0 newlywed, honeymooner (sotfecne recently marned)

arried to two of more people at th

)ed woman;, a man's partner in mary SuperCIasses
(hypernyms)

= (0 polygarmist (someone who 1s

e - in) wite, married worman (a m

f......\.

O mgmbar Holo}i ViR

o direct hyperriym | inherited ypersym | sist
e = in)relatve, relation (a person related by blood or marniage) "palice are seafypking for

reiaiives af the deceased"; "he has distant relations back in New Jersay"
e = in) domestic partner, significant other, spousal equivalent, spouse equivalent (h person (not
necessarly a spouse) with whom you cohabit and share a long-term sexual relapponship)

0 derivaiionally related form

e = in) collaborator, cooperator, partner, pardner (an associate in an activity or endeavor or sphere of
[

comtmot tnterest) "ike musician and the fzfz're.ﬁﬁzsﬁ were caliaboratars”; "sexual pariners”

e - (n) partner (a person who 15 a member of a partnership)
http://wordnet.princeton.edu/
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WordNet Thesaurus [Miller & Fellbaum 1998]

> 100,000 classes and lexical relations; = but:

can be cast into

e description logics or

e graph, with weights for relation strengths
(derived from co-occurrence statistics)

scientist, man of science -- (a person with advanced knowledge of . .
== cosmographer, cosmographist -- (2 scientist knowledgeable .
== hibliotisl -- (Someone who engages in bibliotics) S C I e nt I St; man Of science
== hiolagist, life scigntist -- ((biology) a scientist who studies I

== chemist -- (a scientist who specializes in chemistry) (a person Wlth adva nCEd kn OWIGdge)

= cognitive scientist -- (a scientist who studies cognitive proci

== computer scientist -- (a scientist who specializes it the theos =>CoSMm og ra p h e r" cosm Og ra p h |St
== geologist -- (4 specialist in geology)

— only few individual entities
_____ (instances of classes)

[ TET X

|

== linguist, linguistic scientist -- (2 specialist in linguistics) => b i o I Ogist Iife Scie ntist
=> mrathematician -- (a person skilled in mathematics) v
== medical scientist -- (a scientist who studies disease processs =>C h em |St

== microscopist -- (a scientist who specializes ity research with

= mineralogist -- (a2 scientist trained in mineralogy) _ ey’ . .

=> gceanographer -- (2 scigntist who studies physical and biolg => Cogn |t|Ve scCie ntl St
== paleontologist, palaeontologist, fossilist -- (a specialist in palt

= physicist -- (a scientist trained in physics) =>comp uter scientist
== principal investigator, P1 -- (the scientist ity charge of an exp
== psychologist -- (2 scientist trained in psychology) ces

== radiologic technolagist -- (2 scientist trained in radiological t . . . .
=» research worker, researcher, investigator -- (a scientist who => principa | inve St|ga tor, Pl
=> gorial scigntist -- (sommeone expert in the study of humarn so
HAS INSTANCE=> Bacon, Roger Bacon -- (English scientist a
combustion and first used lenses to cotrect vision (122 "
HAS INSTANCE=> Franklin, Benjarnine Franklin -- (printer whe —
the Constitution, he played a major role in the Ameticar HAS I NSTAN CE => Baco n' Roge r Ba con
his research in electricity (1706-1790))
HAS INSTANCE=> Galton, Francis Galtotr, Sir Francis Galton
psychology, anthropology; founder of eugenics and fif v wosmsmmprameserseaegm—————" o
HAS INSTANCE=> Hatvey, Williatn Hatvey -- (English physiciat and scientist whao described the civrnlation afidbhatbland hadstarvrannnad Hhnt sll svioasls aainate feam ae

ovumn produced by the female of the species (1578-1657)) http //WO rd net princeton ed U/

"Hyponyms iz a kind of thiz]. buel' search lornoun scientist”
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Tapping on Wikipedia Categories

James Nicholas "Jim" Gray

Jim Gray (computer scientist)

From Wikipedia, the free encyclopedia

James Nicholas "Jim™ Gray (born 12 January 1944, lost at sea 28 January 2007)
was an American computer scientist who received the Turing Award in 1998 “for
seminal contributions to database and transaction processing research and
technical leadership in system implementation.”

Contents [hids]

1 Family and education

2Work
3 Disappearance at sea and search
4 Books 1
Born January 12, 1944["]
5 See also San Francisco, Californial?]
B References Died (lost at sea) January 28, 2007
T External links Hationality American
Fields Computer Science

Institutions IBM, Tandem Computers, DEC,
Microsoft

Alma mater University of California, Berkeley

Doctoral : i emn 2]

Sdviaor Michael Harrison

Known for Work on database and transaction
processing systems

Hotable .

e Turing Awvvard

Categories: Members of the Mational Academy of Sciences | Amerncan computer scientists | Fellows of the
Association for Computing Machinery | Microsoft employees | DEC people | Database researchers |
=IGKMOD Edgar F. Codd Innovations Award winners | Turing Award laureates | 1944 biths | 2007 deaths |

Feople lost at sea | University of California, Berkeley alumni




Tapping on Wikipedia Categories

Max Planck

Max Planck

From Wikipedia, the free encyclopedia

"Planck" redirecta here. For other uses, see Flanchk [disambiguation),

Max Planck {April 23, 1858 — October 4, 1947) was a German
physicist. He is considered to be the founder of the guantum theaory, and
thus one of the maost impoartant physicists of the twentieth century.
Flanck was awarded the Mobel Prize in Physics in 1918,

Comtents [hice]

1 Life and career
1.1 Academic career

1.2 Family Born April 23, 1858
1.3 Professar at Berlin University Kiel, Holstein
o Died October 4, 1947 (aged 89)
1.4 Black-body radiation Gittingen, West Germany
1.8 Einstein and the theory of relativity Hationality German
1.6 World Wiar and Weimar Repuhlic Fields Physics
1.7 Quantum mechanics Institutions University of Kiel
- . University of Betlin
1.8 Mazi dictatorship and The Second World YWar University of Gattingen
a2 Heliginus viewy Kaizer-Wilheln-Geselzchart

Categaries: German Mobel laureates | German physicists | Members of the Pontifical Academy of Sciences

| Members of the Pruzsian Academy of Sciences | Mobel laureates in Physics | Recipients of the Caopley
bedal | Feaple from Kiel | People from the Province of Schleswig-Halstein | Quantum physicists |
Recipients of the Paour le Meérite (civil class) | Thearetical physicists | Thermodynamicists | University of
funich alumni | University of Munich faculty | Humboldt University of Berlin alurmni | Humbaldt University of
Berlin faculty | University of Kiel faculty | German Christians | Religion and science | Fellows of the

Leopoldina | 1858 hirths | 1947 deaths




Tapping on Wikipedia Categories

Madonna Background information

Madonna (entertainer)

From Wikipedia, the free encyclopedia

Birth name Madonna Louise Ciccone

Alzo known as Madonna Ciccone, Madonna
Louize Weronica Ciccone
Madonna (born Madonna Louise Ciccone; August 16, 1958)

Born August 16, 1958 (age 51)
is an American recording artist, actress and entrepreneur. Born Biary City, Michigan,
in Bay City, Michigan, and raised in Rochester Hills, Michigan, United States
she moved to New York City in 1977, for a career in modern Origin Meswy ark, Mesw ork
Genres Pop, dance

dance. After pedforming as a member of the pop groups
Ereakfast Club and Emmy, she released her debut album,
Madanns, in 1983 on Sire Fecaords.

Gecupations Singer, songwriter, recard

producer, dancer, actress,

Filom vl i e Filee Al

Categories: Madonna (entertainer) | 1958 births | 19802 singers | 1990s singers | 2000s singers | 2010s
singers | Actors from Michigan | American businesspeople | American dance musicians | American dancers
| American expatriates in the United Kingdom | American fermale singers | American film actars | American
film producers | American musicians of ltalian descent | American people of French-Canadian descent |
American people of talian descent | American philanthropists | American pop singers | American record
producers | Converts to Judaism | American singer-songwriters | American writers | Best Musical or Camedy
Actress Galden GGlabe (film) winners | BRIT Award winners | Electronica musicians | English-language
singers | Female rock singers | Feminist artists | Grammy Award winners | lvor Movello Award winners | Juno
Aweard winners | Living people | MTY Europe Music Awards winners | MTV Yideo Music Awards winners |
bATY Wideo Wanguard Award winners | Musicians from Michigan | Feople fram Bay City, Michigan | Peaple
fram Coaorona, Clueens | Peaple from Clueens | People from Staten Island | Rock and Rall Hall of Fame
inductees | University of Michigan alurmni | WWarner Bros. Records artists | World Music Avwards winners |
Waorld record haolders | Warst Actress Golden Raspberry Award winners | MYorst Supporting Actress Galden
Raspberry Award winners | Warst Screen Couple Golden Haspberry Award winners



Mapping: Wlklpedla — WordNet

[Suchanek et al: WWW 07; Ponzetto & Strube: AAAI 07] : Missing —

Person Sailor,
: Crewman
Computer @

Scientist

Jim Gray
(computer
scientist)




Mapping: Wikipedia — WordNet

_____________________________________________

[Suchanek et al: WWW 07; Ponzetto & Strube: AA Missing

i Person ]
People '-—»? g
= E] Etype Lost at Sea Computer - — ‘ .

Scientists

by Nation

Ve .
American
Computer el IRl

- Scientists subclassOf -~ \_Scientist
Jim Gray - I
(computer p . Databases ]— —m————— . »( Data-
specialist) Data ass ? ! “ \_base
_Researcher Engineering .'r ~< _Eellow (1),

2 (| Societies | Comrade -7

|

( ) : CoHeague
name similarity "Members of | | Fellow (3)
: (of Society

_____________________

[ Fellows of
| the ACM

o . _ 'I)
(edit dist., nlgram overlap) | EETER
context similarity Societies f
L Y, Member (1),
5 \
(word/phrase level) }\ .
: N |
machine learning : : Member (2),
I Extremit




Mapping: Wikipedia — WordNet

[Suchanek et al: WWW 07; Ponzetto & Strube: AAAI 07]

Given: entity e in Wikipedia categories c,, ..., ¢,
Wanted: type(e,c)and subclassOf(c;,c) for WordNet class ¢
Problem: vagueness & ambiguity of names c,, ..., ¢,

Analyzing category names — noun group parser:

American Musicians of Italian Descent

N A J\ J

pre-m\z)difier head post—r;odifier
American Folk Musicjgf the 20th Century

~

Y Y
pre-modifier head post-modifier

American Indy 500 Driverion Pole Positionjc,

N N

Y e Y
pre-modifier head  post-modifier

Head word is key, should be in plural for instanceOf



Mapping: Wikipedia — WordNet

[Suchanek et al: WWW 07; Ponzetto & Strube: AAAI 07]

Given: entity e in Wikipedia categories c,, ..., ¢,
Wanted: type(e,c)and subclassOf(c;,c) for WordNet class ¢
Problem: vagueness & ambiguity of names c,, ..., ¢,

Heuristic Method:

for each c, do
if head word w of category name c; is plural

1) find WordNet classes c, ¢, ¢, ... with
synsets that contain a match of w
2) choose best class ¢ (from polysemous c, ¢/, ¢ ...)

and sete e c
3) expand w by pre-modifier from name c, returning w*,

andsetc. cw"cc

* can also derive features this way
 feed into supervised classifier



YAGO Concept Mappings

[Suchanek,Kasneci,Weikum: WWW 07, SIGMOD Rec. 08]

WordNet

( IPerson I A IPerson I
TsubclassOf TsubclassOf
Singer ISinger I
e ——

<L subclassOf

Elvis Presley & I American Rock Singer I

Infobox I type

| Born: 1935
Elvis Aaron Presley Tupleo ”
(January 8, 1935 — August .
16, 1977) was one of the Died: 1977
most popular American Memphis born
singers of the 20th century. Genres: Rock’n Roll 1935
A cultural icon, he is widely . .
known by the single name occuPtatlons'
Elvis. He is often referred to Musician, Actor
as the "King of Rock and
Roll" or simply "the King".

Categories: 1935 births | 1977 deaths | EXpIOlt InfObOXGS
20th-century actors | American rock EXp|OIt Conceptual Categories

singers | ... Add WordNet



http://en.wikipedia.org/wiki/Category:1935_births
http://en.wikipedia.org/wiki/Category:1977_deaths
http://en.wikipedia.org/wiki/Category:20th-century_actors
http://en.wikipedia.org/wiki/Category:20th-century_actors
http://en.wikipedia.org/wiki/Category:20th-century_actors
http://en.wikipedia.org/wiki/Category:American_rock_singers
http://en.wikipedia.org/wiki/Category:American_rock_singers

YAGO Consistency Checks

[Suchanek,Kasneci,Weikum: WWW 07, SIGMOD Rec. 08]

I Person I

T subclassOf
I Singer I

‘ subclassOf

Guitarist I Rock Singer I

\ Itype

bornInCity born 1935

Check uniqueness of entities and functional arguments
Check domains and ranges of relations
Check type coherence




Learning More Mappings

[Wu & Weld: CIKM 07, WWW 08 ]

Kylin Ontology Generator (KOG):

learn classifier for subclassOf across Wikipedia & WordNet using
* YAGO as training data
* advanced ML methods (MLN's, SVM’s)
* rich features from various sources

Harticles

* Category/class name similarity measures
 Category instances and their infobox templates:
template names, attribute names (e.g. knownFor)
* Wikipedia edit history:
refinement of categories
* Hearst patterns:
Csuch as X, X and Y and other C’s, ...
e Other search-engine statistics:
co-occurrence frequencies

> 3 Mio. entities
> 1 Mio. w/ infoboxes

instances/classes 5 500 000 categories



Goal: Comprehensive & Consistent

(Telecomm. )

Doctoral Knuth Prize LHistory
Students Laureate |, /
: . BeII Labs }---""

Known Princeton | . —

For Alumni ) “{: -------------- < .
Jeffrey ~(American ,,,:;,’/’

Alma Ullman (American People by

Mater Computer === Occupatlon

\Suentlsts

(Database }/[Databases }\&

\Resea rcher L

Notable

Awards Jim Gray

(computer
specialist)

Born Fellows of e

the ACM L Membc(ejrs of
Years Learne
Active Madonna (U Michigan |~ Societies

(entertainer) Alumni
&

[Americans of
-1ltalian Descent

_____

World

Also Bob Dylan I Record

Known Holders .

As \ American [0} tus)-
: [ Hall of Fame},xLSongwrlters SN

Website Inductees .

| Guitar Players }==~




Goal: Comprehensive & Consistent !

(Telecomm. )

Doctoral Knuth Prize LHistory

Students Laureate /
. (BellLabs .- ~_

Known Princeton | ‘— }

For Alumni | N

Jeffrey
Ullman

American People by
Computer == Occupation
Scientists ]

Alma

“(American J
Mater

Notable
Awards

Jim Grav
ggz Clean up the mess:

e graph algorithms ?

* random walk with restart

* dense subgraphs ...
e statistical machine learning ?
* logical consistency reasoning ?
Known * gigantic schema integration ?
* ontology merging

Website \ [ Tnductees |

Born

Years
Active

Guitar Players }




Long Tail of Class Instances

Predicted ltems

penn state

stanford

princeton

Licid

yale

columbia
corpell

berkeley

duke

qeorgetownn
michigan
arizona
washington
dartrmouth
oregon
nyu
california
browmn
chicago
norttwestern
caltech
virginia

P




Long Tail of Class Instances

[Etzioni et al. 2004; Cohen et al. 2008; Mitchell et al. 2010]

State-of-the-Art Approach (e.g. SEAL):
e Start with seeds: a few class instances
* Find lists, tables, text snippets (“for example: ...“), ...
that contain one or more seeds
 Extract candidates: noun phrases from vicinity
e Gather co-occurrence stats (seed&cand, cand&className pairs)
* Rank candidates
* point-wise mutual information, ...
e random walk (PR-style) on seed-cand graph

But:

Precision drops for classes with sparse statistics (DB profs, ...)
Harvested items are names, not entities

Canonicalization (de-duplication) unsolved




Entity Disambiguation

Names Entities
Sean Penn I
“Penn”
University of ‘
“U Penn“ Pennsylvania
. 7
Pennsylvania ‘
“Penn State” State University
“ Pennsylvania ‘
»PSU (US State)
Passenger ‘
Service Unit

* [[I-defined with zero context

* Known as record linkage for names in record fields

» Wikipedia offers rich candidate mappings:
disambiguation pages, re-directs, inter-wiki links,
anchor texts of href links



Individual Entity Dlsamblguatlon

4>| Sean Penn

. Penn —intothe Wild

: 3| University of

Penn —X¥vitTreebank Pennsyh,ania
Penn —Univ_Park ‘)l Penn State
University

Typical approaches:

name similarity:
edit distances, n-gram overlap, ...

context similarity: record level
context similarity: words/phrases level

context similarity:
text around names, classes & facts around entities

Challenge: efficiency & scalability



Joint Disambiguation

[Doan et al: AAAI 05; Singla,Domingos: ICDM 07; Chakrabarti et al: KDD 09, ...]

* Consider a set of names {nq, n,, ...} in same context
and sets of candidate entities

El={eqqy, €1y ..}, E2={eyq1, €5y, ..}, ...

* Define joint objective function (e.g. likelihood for prob. model)
that rewards coherence of mappings

M(n1)=X1€ El' H(n2)=X2€ EZI

* Solve optimization problem

_______________________________________________________

al Stuart Russell (DJ)

Stuart Russell

Ers in Willow

Zarage's PRZ (Fersonal Fobot 2) Beta
Prograrn. In this program Willow Garage gives
Y =way eleven robots worth over $4 million to

Stuart Russell
(computer scientist)

eleven institutions and universities waorldwide.

ed to

Michael Jordan
(computer scientist)

of

Michael Jordan
to the

foundations and applications of machine

learning. Mermtbiers are recognized for their
distinguished and continuing achievements in

Michael Jordan (NBA)

| i | original research. The National Acaderny of
Sciences is a private organization of scientists and
engineers dedicated to the furtherance of science and



AIDA — Disambiguating Names in YAGO?2

[Hoffart,Yosef Weikum et al.: VLDB 11, EMINLP 11]




Features for Disambiguation

Bob Hope
Hurricane Bob
Bob Quick

ﬁ-

/X

A

Prior

86%

Similarity

0.9

Coherence

Hurricane Bob

Mississippi, one of Bob’s later songs, was first recorded by Sheryl on her album.

Bob Dylan songs
Sheryl Crow songs
1997 songs

0.1%

3.1

Bob Dylan

How often did “Mississippi” link to this entity in Wikipedia?

entities related?



Objective Function

° |nput ¢ GOal
* Mentions k
— context of mention ctx(m) o - Z prior(m;, €;,)
— entity candidates e + ctx(e) =1
* Features -
+3- Z sim(cxt(m;), ext(e;,))
Prior prior(m,e) =
Similarity sim(cxt(m),cxt(e)) +7 - cohlesny & )
Coherence | coh(el,e2) e




Joint Disambiguation as Graph Problem

] Candidate
Text with proper entities
nouns
oy ——

=L
e e B — YAGO2

| |
g} — (with additional meta
\_/ data)

7\
b bP.rll.or Similarity Coherence based
probability | pased on key phrases on inlink overlap




Graph Algorithm

Mentions of Entities Entity Candidates

Mississippi (Song)

Mississippi (River)

________________ | — Bob Dylan Songs

Sheryl Cruz

Sheryl Lee

Sheryl Crow

Objective: Maximize the minimum weighted degree

Constraint: Keep at least one entity per mention




Outline for Part Il

Domain-oriented IE vs. Open-domain IE ¢/
— What to extract: entities, classes, binary & higher-arity relations

Entities, Classes & Subsumptions ¢/
— WordNet concepts, Wikipedia categories, entity disambiguation

Pattern-based Knowledge Harvesting
— Wrapper induction, WebTables, statistical pattern mining

Probabilistic Extraction Models
— HMMs, MEMMs, CRFs

Constraints & Reasoning
— MLNSs, CCMs, FactorlE, SOFIE/PROSPERA

Open-domain IE
— ReadTheWeb, TextRunner, Omnivore, REVERB

Advanced reasoning
— Temporal/spatial annotations of facts



Binary Relations — Which Sources to Pick?

* Semi-structured data
The “Low-Hanging Fruit”
— Wikipedia infoboxes & categories
— HMTL lists & tables, etc.

* Free text
— Hearst-patterns, clustering by verbal phrases
— Natural-language processing
— Advanced patterns & iterative bootstrapping
(“Dual Iterative Pattern Relation Extraction”)



Picking Low-Hanging Fruit (First)

Heéctor Garcia-Molina

No free image
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Deterministic Pattern Matching

[Kushmerick 97; Califf & Mooney 99; Gottlob 01, ...]

Spouse(s) harie-Dominigque Culioli
(1982—19496)

Spouse(s) Micolas Sarkozy

Cécilia Ciganer-Albéniz Children Aurglien Enthoven {with

(1996—2007) Faphael Enthoven)
[Carla E:runi-SarI«a:ng,r] Spouse Charles, Prince of Wales
2008 _present (29 July 1951 — 28 August 1996)1")
Children Pierre Sarkozy (by Culioli)
JIEE SO () Culio)) (Spuuse Lady Diana Spencer h
Louis Sarkozy (by Ciganer- 1951-1996
Albéni
=2 Camilla Parker Bowles
Spouse(s) Jacgues hMartin \_ m. 2005 Y,
(m. 1984—1983) . .
Spouse(s) Lari Anne Allison

[Nimlas Sarkozy ] (1985—1986)

(rn. 19962007
Fichard Attias
(m. 2005—present)

omestic Sherilyn Fenn (1985—1958)
partner(s) Winona Ryder
(19859-1993)

late Moss (1994-1993)
Wanessa Paradis (1998—

k present) )

Children Judith Martin (t.1984)
Jeanne-Marie Martin (b.19587)
Louis Sarkozy (b.1997)




Spouse(s) harie-Dominigque Culioli

Wrapper Induction

[Gottlob et al: VLDB 01, PODS 04,...]
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- Wrapper induction:
e Hierarchical document structure, XHTML, XML
 Pattern learning for restricted regular languages
(ELog, combining concepts of XPath & FOL)
* Visual interfaces
* See e.g. http://www.lixto.com/,
http://w4f.sourceforge.net/
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http://www.lixto.com/
http://w4f.sourceforge.net/

Tapping on Web Tables

Academy Awards

[Referenn:e:[":]

[Cafarella et al: PVLDB 08; Sarawagi et al: PVLDB 09]

Year [ Mominated work [ Category Result M

1978 he Deer Hunter Best Supporting Actress Mominated

1979 Kramer va. Kramer Best Supporting Actress Waon

1981 Th

| Academy Awards
1982
Year Category Film Result
Academy Awards Bcademy Award for Best Actor Sweeney Todd. The Demon Barber of Fleet Street Mominated [~

Winner Bcademy Award for Best Actor Finding Neverland Mominated

s Best At Direction
» Best Cinematography
s Best Makeup

Mominated

s Best Original Score

* Best Original Screenplay
» Best Foreign Language Film 2000

Bcademy Award for Best Actor Pirates of the Canbbean: The Curse of the Black Pearl Mominated

Year Image  Recipient Category Film

Sandra
Bullock

Winner
Year Nominees
Composer
& Chocolaf— Rachel Poriman
Crouching Tiger, Hidden Dragon & Gladiator- Hans Zimmar
= Tan Dun ® |Jz/éna = Ennic Morricone
[ & The Pairief= John VWWilkams
Academy Awards (2009): Nominees and Winners
NOMINATIONS AWARDS
AT g Avatar & The Hurt Locker
Worst Actress | The Hurt Locker 3 Avatar
2 Inglourious Basterds 2 Crazy Heart
All About Stev & Precious 2 Precious
Worst S ihADOUT oleve &  Up in the Air 2  Up
Worst Screen 5  Up 1 The Blind Side
Couple 4 District 9 1 The Cove
~oup 4 Mine 1 Inglourious Basterds
4 Star Trek 1 Logprima )




Academy Awards

(Reference [1:_:

Tapping on Web Tables

[Cafarella et al: PVLDB 08; Sarawagi et al: PVLDB 09]

Year Mominated work [ Category Result
1978 The Deer Hunter Best Supporting Actress Mominated
1979 Kramer va. Kramer Best Supporting Actress Waon
1981 The
Academy Awards
1982
Year Category Film Result
Academy Awards Bicademy Award for Best Actor Sweeney Todd. The Demon Barber of Fleet Street Mominated [
Winner Academy Award for Best Actor Finding Neverland Mominated
» Best Art e Curse of the Black Pear! Nominated
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® The Pairiol = John VWilkams
Y : Nominees and Winners
ear mage -
From many table headers INATIONS AWARDS
, & The Hurt Locker
1 it Locker 3 Avatar
d nd CO-0Ccurri ng ce I IS Eu:‘; Basterds 2 Crazy Heart
_ _ e - T o % Erecinu5
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2010 l"l’Uple 4 Mine 1 Inglourious Basterds
4 Star Trek 1 L-::ug-:_:ur.?ma B




Recovering the Semantics of Web Tables

[Venetis,Halevy et al: PVLDB 11]

knownAs
[ XX ]
I Plant I
Hazel Alder Alnus serrulata 2 .
e iISA
Green Ash Fraxinus pennsylvanica
White Ash Fraxinus americana Tree
Baldcypress Taxodium distichum
Beech Fagus grandifolia .
River Birch E—— Hazel Alder iSA | Green Ash
Boxelder Acer negundo g v
Red Cedar Juniperus virginiana § White Ash
(@)
Black Cherry Prunus serotina £ o
<
Sweet Cherry Prunus avium AI nus g
Crab Apple Malus coronaria serrulata g cee
http://www.hcforest.sailorsite.net/Elkhorn.html
Automatically enrich Web tables with Large-scale statistics
semantic annotations * 100 Mio Web documents

» Extract instances of classes using Hearst patterns

e Assign most likely class labels to columns _ _
 Identify binary relations among pairs of columns = 60,000 classes with > 10 instances

- Open IE tools (TextRunner)

* 50 Mio queries (for entity boundaries)


http://www.hcforest.sailorsite.net/Elkhorn.html

Relational Fact Extraction From Plain Text

* Hearst patterns [Hearst: COLING‘92]

— POS-enhanced regular expression matching in natural-language text
(NPg {,} such as {NP, NP,, ... (and|or) H,} NP )
(NP, {, HNP;, NP,, ... NP, }{,} or other NP )

“The bow lute, such as the Bambara ndang, is plucked and has an
individual curved neck for each string.”

- isA(“Bambara ndang”, “bow lute”)

* Noun classification from predicate-argument structures
[Hindle: ACL'90]

_ Clustering of nouns by | |beer |wine
. drink 9.34 10.20
similar verbal phrases
— Similarity based on co-occurrence ¢! 4.21 3.75
frequencies (mutual information)  have 0.84 1.38



Relational Fact Extraction From Plain Text

* Hearst patterns [Hearst: COLING‘92]
— POS-enhanced regular expression matching in natural-language text
(NP, {,} such as {NP,, NP,, ... (and]|or) K,} NP)
(NP, {, {NP,, NP, ... NP, ,H,} or other NP,)

“The bow lute, such as the Bambara ndang, is plucked and has an
individual curved neck for each string.”

Problem:

Low recall

e| outof8.6 M wordsonly 152
occurrences of ,,such as“ with matching noun conjugations |

Difficult to extend to generic relations

(other than isA, partOf, etc.)
frequencies (mutual information)  M4Y¢ oz i 155




DIPRE/Snowball

[Brin: WebDB 98; Agichtein/Gravano: ACL 00, ...]

* Dual Iterative Pattern Relation Extraction (DIPRE)

— Semi-supervised, iterative gathering of facts and patterns
— Positive & negative examples as seeds for a given target relation
e.g. +(Hillary, Bill) +(Carla, Nicolas) —(Larry, Google) «
— Various tuning parameters for pruning low-confidence patterns and facts

(Hillary, Bill)
- X and her husband Y

(Carla, Nicolas)

(Angelina, Brad) /

(Victoria, David)
(Hillary, Bill) > X and Y and their children

(Carla, Nicolas) X has been dating with Y
— Xlg€s Y

(Larry, Google) <

X and Y on their honeymoon




DIPRE/Snowball/QXtract

[Brin: WebDB 98; Agichtein,Gravano: SIGMOD 01+03]

* Dual Iterative Pattern Relation Extraction (DIPRE)

— Semi-supervised, iterative gathering of facts and patterns
— Positive & negative examples as seeds for a given target relation
e.g. +(Hillary, Bill) +(Carla, Nicolas) —(Larry, Google)
— Various tuning parameters for pruning low-confidence patterns and facts

e Snowbal I/QXtra CT [Agichtein,Gravano: DL 00, SIGMOD 01+03]
— Refined patterns and statistical measures
— >80% recall at >85% precision over a large news corpus
— Qxtract allows for user feedback in the iteration loop



Help from NLP: Dependency Parsing!

* Analyze lexico-syntactic structure of sentences
— Part-Of-Speech (POS) tagging: HMMs, CRFs
— Dependency Parsing (DP): probabilistic grammars
— Semantic Role Labeling (SRL): map constituents onto semantic frames

Prefer shorter dependency paths for fact candidates

VNV VN

Carla has been seen dating with Ben. dating(Carla, Ben)
NNP VBZ VBN VBN VBG IN NNP

Software tools:

CMU Link Parser: http://www.link.cs.cmu.edu/link/

Stanford Lex Parser: http://nlp.stanford.edu/software/lex-parser.shtml|
Open NLP Tools: http://opennlp.sourceforge.net/

ANNIE Open-Source IE: http://www.aktors.org/technologies/annie/
LingPipe: http://alias-i.com/lingpipe/ (commercial license)

FrameNet: http://framenet.icsi.berkeley.edu/



http://www.link.cs.cmu.edu/link/
http://nlp.stanford.edu/software/lex-parser.shtml
http://nlp.stanford.edu/software/lex-parser.shtml
http://nlp.stanford.edu/software/lex-parser.shtml
http://opennlp.sourceforge.net/
http://www.aktors.org/technologies/annie/
http://alias-i.com/lingpipe/
http://alias-i.com/lingpipe/
http://alias-i.com/lingpipe/
http://framenet.icsi.berkeley.edu/

@ Part-of-Speech Tagger Demo Results - Cognitive Computation Group - Mozilla Firefox

ﬂ Part-of-Speech Tagger Demo Result... | -

File Edit Wiew History Bookmarks  Tools  Help

@ - c ot |_1'] http:/jcogeomp. cs.ilinois.edufdemo)/posresults. php

Part-of-Speech Tagger Demo Results

( Views)

The Part-of-Speech tagger has automatically labeled the input in the following way.

s # - Pound sign
« £ -Dollar sign
" - Close double quote
* " -0pen double quote
' - Close single quote
" - Open single quote
, - Comma
. - Final punctuation
. - Colon, sermi-colon
-LRBE- - Left bracket
-RRE- - Right bracket
CC - Coordinating conjunction
- Cardinal number
0T - Determiner
Ei - Existential there
F' - Foreign word
1 - Preposition
1 - adjective
1R - Comparative adjective
J15 - Superlative adjective
LS - List Item Marker
MO - Modal
MM - Singular noun
MNS - Plural noun
MNP - Proper singular noun
MMPS - Proper plural noun
- Predeterminer
POS - Possesive ending
FRF - Personal pronoun
PP% - Possesive pronoun
- Adverb
RER - Comparative adverb
RES - Superlative Adverb
- Particle
S - Symbol
TO -to
LUH - Interjection
WB -verh, bhase form
WBD -Werh, past tense
WBG -Verb, gerund/present participle
WEN -Werb, past participle
WEP -‘erb, non 3rd ps. sing. present
WBZ -Werb, 3rd ps. sing. present
WOT - wh-determiner
WP - wh-pronoun
WP$ - Possesive wh-pronoun
WEE - wh-adverb

J§ Ll LLINOIS

UNIVERSITY OF ILLINDIS AT LIRBAKA CHAMPAIGN

http://cogcomp.

cs.illinois.edu/



http://cogcomp.cs/
http://cogcomp.cs/
http://cogcomp.cs/
http://cogcomp.cs/

@ Stanford Parser - Mozilla Firefox g@

File Edit Wiew History EBookmarks Tools  Help

¥} Stanford Parser I + |

(- | | gl http:finip.stanford .edu:B080/parserfindex. jsp - .‘l - ).'
e

‘T‘|» 4

Your query

Carla has been seen dating with Ben.

Tagging

Carla/NNP has/VBZ been/VBN seen/VBN dating/VBG with/IN Ben/NNP ./.

Parse

(ROOT
(3
(NP (WNNP Carla))
(VP (VBZ has)
(VP (VBN been)
(VP (VBN seen)
(3

(VP (VBG dating)
(PP (IN with)
(WP (NNP Benj))j)j)))))

(« ) ))

Typed dependencies

nsubjpass (seen—-4, Carla-1)
aux{seen-4, has-2)

auxpass (seen—-4, been-3)
xcomp (seen—-4, dating-5)
prep (dating-5, with-6)

pob] (with-6, Ben-7) http://nlp.stanford.edu:8080/parser/



http://nlp.stanford.edu/

Open-Domain Gathering of Facts

[Etzioni,Cafarella et al: WWW 04, 1JCAI 07; Weld,Hoffman,Wu: SIGMOD-Rec 08]

Analyze verbal phrases between entities for new relation types

e unsupervised bootstrapping with short dependency paths

VNV VN

Carla has been seen dating with Ben.

A~ N NV N Vv Y Vv =N

Rumors about Carla indicate there is something between her and Ben.

* self-supervised classifier for (noun, verb-phrase, noun) triples

... seen dating with ... (Carla, Ben), (Carla, Sofie), ...
... partying with ... (Carla, Ben), (Paris, Heidi), ...

* build statistics & prune sparse candidates

« group/cluster candidat But: Result often is noisy
{datesWith, partiesWit Clusters are not canonicalized relations
High recall at (relatively) low precision



Declarative Extraction Frameworks

IBM’s SystemT [Krishnamurthy et al: SIGMOD Rec. 08, ICDE 08]
— Declarative IE in a database engine
— SQL-style operators, cost models, full optimizer support

DBLife/Cimple [DeRose, Doan et al: CIDR 07, VLDB 07]

— Online community portal centered around the DB domain
(regular crawls of DBLP, conferences, homepages, etc.)



@ DBLife: Jennifer Widom - Mozilla Firefox

File Edit “iew History Bookmarks Tools  Help
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Jennifer Wi
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Fajeew Motwarnt
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Coftious queties
Memory-Limdted Execution of Windowed Stream Joing cited 5 times - details TheTe
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Services
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Pattern-Based Harvesting Summary

Facts & Fact Candidates Patterns

(Hillary, Bill)
X and her husband Y

(Carla, Nicolas)
X and Y on their honeymoon

(Angelina, Brad)
(Victoria, David)

>
(Hillary, Bill) > X and Y and their children

(Carla, Nicolas) X has been dating with Y

XlovesY
(Yoko, John)

(Kate, Pete)

(Carla, Benjamin)
ATy EEEzE), » good for recall, but often noisy/drifting

Angelina, Brad . .
(Angelina, Brad) 1o not robust enough for high precision
(Victoria, David)



Outline for Part Il

Domain-oriented IE vs. Open-domain IE ¢/
— What to extract: entities, classes, binary & higher-arity relations

Entities, Classes & Subsumptions ¢/
— WordNet concepts, Wikipedia categories, entity disambiguation

Pattern-based Knowledge Harvesting v/

— Wrapper induction, WebTables, statistical pattern mining

Probabilistic Extraction Models
— HMMs, MEMMs, CRFs

Constraints & Reasoning:
— MLNSs, CCMs, FactorlE, SOFIE/PROSPERA

Open-domain IE
— ReadTheWeb, TextRunner, Omnivore, REVERB

Advanced reasoning
— Temporal/spatial annotations of facts



Applications for Sequence Labeling

e Part-of-Speech (POS) tagging

 Named Entity Recognition (NER)

* Various specialized labeling tasks
— e.g. Blogs, emails, tweets
— lists and fields with regular structures:
news articles, citations, HTML tables, etc.



Probabilistic Extraction Models

- Hidden Markov Models (HMMs)
[Rabiner: IEEE 89; Sutton,McCallum: MIT Press 06]
— Markov Chain (directed)
— Generatively trained based on P(X,Y)
— Maximum (Log-)likelihood principle for training

-  Maximum Entropy Markov Models (MEMMs)

[McCallum,Freitag,Pereira: ICML 00]

— Markov Chain (directed)

— Discriminatively trained using P(Y|X)

— Maximum Entropy principle for training

- Conditional Random Fields (CRFs)
[Lafferty,McCallum,Pereira: ML 01; Sarawagi,Cohen: NIPS 04]

— Markov Random Field (undirected)

— Discriminatively trained using P(Y| X) X: Observations (tokens)
— Maximum (Log-)likelihood principle for training Y: Labels (POS, NE, etc.)




Probabilistic Models for Sequence Labeling

Hidden Markov Model Maximum Entropy
(HMM) Markov Model
(MEMM)

Conditional Random Field

(CRF) X: Observations (tokens)
Y: Labels (POS, NE, etc.)




Hidden Markov Models — HMMs

* Part-Of-Speech tagging example with an HMM
— How to find the best sequence of POS tags for
“We can buy a can” efficiently?



HMMs: Inference & Learning

[Lawrence L. Rabiner, Proc. IEEE 88]

Given: observations X, labels Y, transition Probability of an observation:

probabilities P(y,|y.,) and P(x|y;) Forward/backward algorithm

Compute inductively: Most likely sequence:

1) ,v( ) Trellis diagram/Viterbi
) = by 1StET L . .
ar1(j) = .-_1%(5)(17‘7 bj(Ter1) s 1 2o N Weight learning:
N Baum-Welch/
PX]A) = ;‘”'(”’) Expectation Maximization
(initial state probabilities m;, transition probabilities a;, (EM)

observation probabilities b;(x,) usually estimated
from a large annotated training corpus)



Maximum Entropy Markov Models — MEMMs

[McCallum,Freitag,Pereira: ICML 00]

CRY—uD—(v8) (D)W
W @ by (@) (@

Given: Observations X, labels Y, transition
probabilities P (y|x)

Py (ylz) = Z(g}l’ ] (Zfi(xay))

\

feature functions

parameters

normalizing constant



Maximum Entropy Markov Models — MEMMs

CRY—uD—(v8) (D)W
W @ by (@) (@

[McCallum,Freitag,Pereira: ICML 00]

Given: Observations X, labels Y, transition
probabilities P (y|x)

1
Py (ylz) = ACRT) exp (Z; )\@fi(il?,y))

Feature functions f;

L if suffiz(x) = “ing” and y = VB
0 otherwise

fl(fcay)_{

begins-with-number
begins-with-ordinal
begins-with-punctuation
begins-with-question-word
begins-with-subject

blank

contains-alphanum
contains-bracketed-number
contains-http
contains-non-space
contains-number
contains-pipe

contains-question-mark
contains-question-word
ends-with-question-mark
first-alpha-is-capitalized
indented

indented-1-to-4
indented-5-to-10
more-than-one-third-space
only-punctuation
prev-is-blank
prev-begins-with-ordinal
shorter-than-30

1 if UpperCuase(z) and y = NN
0 otherwise

fa(,y) {

Training and inference similar to regular HMMs

Features used for Blog post segmentation




Directed Models and Label Bias

* Top path and bottom paths are almost equally likely
* Difference only at initial transition

— States with low-entropy transitions (in the extreme case: a
single transition) effectively ignore their observations



Conditional Random Fields — CRFs

[Lafferty,McCallum,Pereira: ML 01]

60

Crp-=-(uD-=-(ve)-=-(OD-—=-(W) -

30

W) @ by @ @ i

s
o

MEMM Error

03 10 20 CRFa'%rmr 0 50 60
Given: 60
Factor graph G=(V,E) with 5ol
* Random variables V= (X UY) ol

* Factors E U V (potential functions)

MEMM Error
%]
=

1 20 % .
Py(ylx) = - exp ( > Nifilex,yle) + Y A,-g;(’v-X-YIv)) ol e

ecel.,i veV,i

0 10 20 a0 40 50 60
HMM Error

* Exact inference, e.g., via forward/backward,
Viterbi, or variable elimination * Plots of 2x2 error rates for

e Various EM techniques for training synthetic data runs



CRF Extensions

 Semi-Markov CRFs
[Sarawagi,Cohen: NIPS 04]

— ldentify entire subsequences with the same label

— Additional cost for inference remains linear in the maximum label
length

* Joint Training over “Fusion Graphs”
[Gupta,Sarawagi: CoRR 10, WSDM 11]

— Merge overlapping sequences from multiple sources into a single
graph structure

— Train individual CRFs using features from the merged graph
— Can learn CRFs from very few training examples (~4)



Outline for Part Il

Domain-oriented IE vs. Open-domain IE ¢/
— What to extract: entities, classes, binary & higher-arity relations

Entities, Classes & Subsumptions ¢/
— WordNet concepts, Wikipedia categories, entity disambiguation

Pattern-based Knowledge Harvesting v/

— Wrapper induction, WebTables, statistical pattern mining

Probabilistic Extraction Models ¢/
— HMMs, MEMMs, CRFs

Constraints & Reasoning
— MLNSs, CCMs, FactorlE, SOFIE/PROSPERA

Open-domain IE
— ReadTheWeb, TextRunner, Omnivore, REVERB

Advanced reasoning
— Temporal/spatial annotations of facts



More Ontological Rigor!

* Reasoning for pattern/fact consistency using
first-order logical constraints
— Markov Logic Networks
— Constrained Conditional Models
— FactorlE
— SOFIE/PROSPERA
— Canonical entities & typed relations



French Marriage Problem

Nicolas Sarkozy — carla Bruni-Sarkozy'"!

. marriedTo:
Relationships
Marie-Dominique Culioli person X person

Sarkozy married his first wife, Marie-Dominigue Culiali, on 23 September 1952, her
father was a pharmacist from Yico (3 village north of Ajaccio, Corsica). They had two
sons, Pierre (bom in 1985), now a hip-hop producer ¥ and Jean (barm in 1986) now a
regional councillor in the city of Meuilly-sur-Seine, France. Sarkozy's best man was
the prominent r|ght ng palitician Charles Fasgua, laterto become a paolitical

T - PP ———

oppone " “1ey had already been

separa Vx’y’z .

Cecili o [edit]
Az ma ma rrledTo(x’y) A h rodel and public relations
execut ° composer [saac Albéniz and
daught marrledTo(x)z) redding®®! to television host
-S4 Jacgue ¢ and divorced Marin one
Born 28 January 1955 (age 53) year la : y z iesses Martin Bouygues and
Paris, F R U . . =
) .ans, et : Sl " ' ol 1997 Wife of the President of the French
Birth name Nicalas Paul Stephane Between 2002 and EDEIE, the couple often appeared together on public occasions, with Republic
Sarkozy Cécilia Sarkozy acting as the chief aide for her hushand. B On 25 May 2005,

Incumbent
Political party RR {?-2002)

howeever, the Swiss newspaper atin revealed that she had left Sarkozy far French-

Assumed office

UMP (2002-) Moroccan national Richard =, head of Publicis in Mew York. B There were other o e
. . . . . . epruar
Spouse Marie-Dominique Culioli accusations of a private ngdflre in Le Matin, which led to Sarkozy suing the paper. F<! y
{div) the meantime, he wgfsaid to have had an affair with a journalist of Le Figaro, Anne President hicolas Sarkozy

Cécilia Ciganer-Alb

T marri

Carla Bruni

Preceded by Cécilia Ciganer-2lhéniz
[ ] . .
_FrenCh. 15 October 2007, soon after his election Born 23 December 1967 (age 42)

Children Pierre (by Culioli) Turin, ftaly

Jean (by Culioli) p e rs O x e rso n [edit] Birth name  Carla Gilberta Bruni Tedeschi

LOUiS (by Ciganer-Alb&mizy™ Hationality ftalian, French('!

55 than a month a eparating frorm Cecilia, Sarkozy met talian-born singer Carla

Residence Elysée Palace . . : T . ; S
Y. : A Bruni at 3 dinner party, aMisoon entered a relationship with her. B3 They married on 2 Spouse(s) Micolas Sarkozy
Alma mater University of Paris X. February 2003 at the ElyséeWNglace in Paris. P Children Aurélien Enthoven (with Raphagél
MNanterre Enth
: In 2010, there were controversial reports that the marriage was in trouble. Allegations Zuz il
Occupation Lawwyer _ _ _ ) BT . :
on Twitter stated that both parties were having extramarital affairs. Residence Paris

Religion Roman Catholic



French Marriage Problem
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Facts in KB: New facts or fact candidates:

married married (Cecilia, Nicolas)
(Hillary, Bill) married (Carla, Benjamin)
it married (Carla, Mick)

ied
ma(ré;ena Nicolas) married (Michelle, Barack)
married , married (Yoko, John)

(Angelina, Brad) married (Kate, Leonardo)

w married (Carla, Sofie)

married (Larry, Google)

1) for recall: pattern-based harvesting
2) for precision: consistency constraints/reasoning



Reasoning about Fact Candidates

Use consistency constraints to prune false candidates

First-order-logic rules (restricted): Grounded atoms:

spouse(x,y) A diff(y,z) = —spouse(x,z) spouse(Hillary,Bill)
spouse(Carla,Nicolas)

spouse(Cecilia,Nicolas)
spouse(Carla,Ben)
spouse(Carla,Mick)
spouse(Carla, Sofie)

spouse(x,y) A diff(w,y) = —spouse(w,y)
spouse(x,y) = f(x)
spouse(x,y) = m(y)

Rules reveal inconsistencies f(Hillary) ~ m(Bill
f(Carla) m(Nicolas)

Find consistent subset(s) of atoms f(Cecilia)  m(Ben)
(“possible world(s)”, “the truth®) f(Sofie) m(Mick)

Rules can be weighted

(e.g. by fraction of ground atoms that satisfy a rule, or by learning)
— uncertain / probabilistic data

— compute marginal probabilities of grounded atoms being “true



Markov Logic Networks

Map logical constraints & fact candidates

[Richardson, Domingos: ML 2006]

into probabilistic graphical model: Markov Random Field (MRF)

FOL rules w/ weights:

S(Xry) A dlff(y,Z) = _'S(XIZ)S.Q
s(x,y) A diff(w,y) = —s(w,y), :

Grounding:

—Is(Ca,Nic)| v -:s(Ce,Nic)

—Is(Ca,Nic)| v —s(Ca,Ben

—s(Ca,Nic)| v —s(Ca,So]
—s(Ca,Ben) v -ts(Ca,So
—s(Ca,Ben) v +s(Ca,So

s(x,y) = f(x)100  f(x) = —m(x);4
s(x,y) = m(y);50  mM(x) = —=f(x),00

Grounding: Literal > Boolean Var
Reasoning: Literal — Binary RV

—ts(Ca,Nic)

v m(Nic)

—s(Ce,Nic) v m(Nic)

—+s(Ca,Ben

-ts(Ca,So)

v m(Ben)

v m(So)

Facts/entities:

s(Carla,Nicolas)
s(Cecilia,Nicolas)
s(Carla,Ben)
s(Carla,Sofie)




Map logical constraints & fact candidates

Markov Logic Networks

[Richardson, Domingos: ML 2006]

into probabilistic graphical model: Markov Random Field (MRF)

s(x,y) A diff(y,z) = —s(x,z);
s(x,y) A diff(w,y) = —=s(w,y), s s(x,y) = m(y),00

s(Ca,Nic)

s(x,y) = f(x) 140

s(Ca,So)

s(Ce,Nic)

N\

_ m(Nic)
s(Ca,Ben) —

m(Ben)

m(So)

f(X) = _'m(x)100 S(Carla,NicoIas)
m(x) = _'f(x)mo s(Cecilia,Nicolas)

s(Carla,Ben)
s(Carla,Sofie)

RVs coupled
by MRF edge
if they appear
in same clause

MRF assumption:
P[X:[X;..X,]=P[X.| MB(X:)]

joint distribution
has product form
over all cliques



Markov Logic Networks

— s(Ca,Nic) v —s(Ce,Nic)

s(Ca,Nic) s(Ce,Nic) ¢:
0 0 e>?

- ’x s(Ce,Nic)
m(Nic)
s(Ca,Nic) V
s(Ca,Ben) —

o =
R =B O

\
0N
(=]

m(Ben)

s(Ca,So) m(So)

P(X=0)= e (Z “’W(””) = 7 [ty

— s(Ce,Nic) v m(Nic)

s(Ce,Nic) m(Nic) ¢:

0 0 e1 00
1 0 e?

0 1 el 00
1 1 el 00




Markov Logic Networks

. . ) [Richardson, Domingos: ML 2006]
Map logical constraints & fact candidates ©

into probabilistic graphical model: Markov Random Field (MRF)

s(x,y) A diff(y,z) = —|S(X,Z)5_9 s(x,y) = f(x)1oo f(x) = —|m(X)100 s(Carla,Nicolas)
s(x,y) A diff(w,y) = —s(w,y), s s(xy) = mly)ee mx) = —f(x),o, | SlCecilia,Nicolas)
' s(Carla,Ben)

s(Ce,Nic) s(Carla,Sofie)

m(Nic)
s(Ca,Nic) w RVs coupled
s(Ca,Ben) b— by MRF edge

m(Ben) if they appear
in same clause

s(Ca,So) m(So)
MRF assumption:

Variety of algorithms for joint inference: P[Xilx?”_xn]zf)[xil ME,S(X‘)]
joint distribution

MCMC (Gibbs sampling, MC-SAT), belief propagation, has product form
stochastic MaxSat, ... over all cliques



Markov Logic Networks

. . ) [Richardson, Domingos: ML 2006]
Map logical constraints & fact candidates ©

into probabilistic graphical model: Markov Random Field (MRF)

s(x,y) A diff(y,z) = —s(x,z)s g  s(xy) = f(x),0  f(X) = —m(x),4, | s(Carla,Nicolas)

s(x,y) A diff(w,y) = —s(w,y),; 5 s(x,y) = m(y);o0 mM(x) = —=f(x),40 s(Cecilia,Nicolas)
' s(Carla,Ben)

s(Ce,Nic) 0.7 s(Carla,Sofie)
\ 0.8
m(Nic)
s(Ca,Ben) Rm(Ben) 0.6
0.5
m(So) 0.7

Consistency reasoning: prune low-confidence facts
StatSnowball [Zhu et al: WWW‘09], BioSnowball [Liu et al: KDD‘10]
EntityCube, MSR Asia: http://entitycube.research.microsoft.com/



http://entitycube.research.microsoft.com/

Related Alternative Probabilistic Models

Constrained Conditional Models [Roth et al. 2007]

log-linear classifiers with constraint-violation penalty
mapped into Integer Linear Programs

Factor Graphs with Imperative Variable Coordination
[McCallum et al. 2008]

RV’s share “factors” (joint feature functions)
generalizes MRF, BN, CRF, ...

inference via advanced MCMC

flexible coupling & constraining of RV’s s(Ce,Nic)

s(Ca,Ben) V.\

m(Ben)

m(Nic)

s(Ca,Nic)

Software tools: s(Ca,50) J—— m(So)

alchemy.cs.washington.edu

code.google.com/p/factorie/
research.microsoft.com/en-us/um/cambridge/projects/infernet/



alchemy.cs.washington.edu
code.google.com/p/factorie/
code.google.com/p/factorie/
code.google.com/p/factorie/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/
research.microsoft.com/en-us/um/cambridge/projects/infernet/

FactorlE

Imperatively Defined Factor
graphs (IDF)
— Object-oriented , imperative
programming language
(Scala)

Open-source toolsuite for
deployable probabilistic
modeling

— Markov Logic, CRFs, MCMC,
weight learning, etc.

— Scalable DB backend

http://code.google.com
/p/factorie/

[McCallum et al.: NIPS 08, ECML/PKDD 09, VLDB 10]

object LogicDemo1 {
def main(args:Array[String]) : Unit = {

// Define entity, attribute and relation types
class Person (val name:String)
extends ItemizedObservation[Person] with Entity[Person] {
object smokes extends BooleanVariable with Attribute
object cancer extends BooleanVariable with Attribute

o}

object Friends extends Relation[Person,Person];

// Define the model

val model = new Model (

Forany[Person] { p => p.cancer } * 0.1,

Forany[Person] { p => p.smokes ==> p.cancer } * 2.0
Forany[Person] { p => p.friends.smokes <==> p->Smokes } * 1.5 )

// Create the data

val amy = new Person("Amy"); amy.smokes := true
val bob = new Person("Bob");

Friends(amy,bob); Friends(bob,amy)

// Do 2000 iterations of sampling, gathering sample counts every 20 iterations
val inferencer = new VariableSamplinglnferencer(

new VariableSettingsSampler[BooleanVariable](model))
inferencer.burnin = 100; inferencer.iterations = 2000; inferencer.thinning = 20
val marginals = inferencer.infer(List(bob.cancer, bob.smokes)) }}



http://code.google.com/p/factorie/
http://code.google.com/p/factorie/

Bidirectional Joint Segmentation & Disambiguation

[Singh,Schultz,McCallum: ECML 09; Poon,Domingos: AAAI 07]

Entity 2
\

Entity 1
/Mention 1 Mention 2\ 4 Mention 3
- BT HEEI e SO EI (XSt lfe i Poon, Domingos. Joint Inference
Richardson, Domingos. Markov Affinity Domingos. Markov logic Repulsion o I?\format?on‘Extraction "
Logic Networks. ML, 62(1-2), 2006 networks. Machine Learning, (] )
62(1-2):107-136, 2006 AAAI, pages 913-918, 2007.
\ L J \ . J
] 7
" Repulsion ,l'
4
" _ . JointRepulsion e
JointInfBased " JointAffinity
Author . '
Field 1
T
g ™| Fe1 | | ried
’ \ . . . .
’ N Field 1 Field 1 Field 1 Field 1
,I \\\ P \~\ | { !
rd
! Ny St 2T v v
Rlchardson , ][D m'ngos] [ ] Markov [Logic] [Networks] [ . ][ ML ] , ] 62(1- 2)] , ] [ 2006 ]




SOFIE: Reasoning for KB Growth

\/
married
(Hillary, Bill)
married
(Carla, Nicolas)
married
(Angelina, Brad)

~_

Direct approach:

[Suchanek,Sozio,Weikum: WWW 09]

New fact candidates:

married (Cecilia, Nicolas)

married (Carla, Benjamin)
married (Carla, Mick) ?
married (Carla, Sofie) :
married (Larry, Google)

Patterns:

X and her husband Y

X and Y and their children
X has been dating with Y
X loves Y

* KB facts are true; fact candidates & patterns — hypotheses

* known entities and typed relations

e grounded constraints — clauses with hypotheses as vars
* cast into Weighted Max-Sat with weights from pattern stats

 customized approximation algorithm

* unifies: fact/candidate consistency, pattern goodness, entity disambiguation

www.mpi-inf. mpg.de/yago-naga/sofie/



http://www.mpi-inf.mpg.de/yago-naga/sofie/
http://www.mpi-inf.mpg.de/yago-naga/sofie/
http://www.mpi-inf.mpg.de/yago-naga/sofie/
http://www.mpi-inf.mpg.de/yago-naga/sofie/
http://www.mpi-inf.mpg.de/yago-naga/sofie/

SOFIE: Facts & Patterns Consistency

[Suchanek,Sozio,Weikum: WWW’09]

Constraints to connect facts, fact candidates & patterns
pattern-fact duality:

occurs(p,x,y) A expresses(p,R) = R(x,y)

occurs(p,x,y) A R(x,y) = expresses(p,R)
name(-in-context)-to-entity mapping:

— means(n,el) v — means(n,e2) v ...

functional dependencies: relation properties:

spouse(X,y): Xx—y, y— X asymmetry, transitivity, acyclicity, ...
type constraints, inclusion dependencies:

spouse C Person x Person capitalOfCountry < cityOfCountry
domain-specific constraints:

borninYear(x) + 10years < graduatedinYear(x)

hasAdvisor(x,y) A graduatedinYear(x,t) A graduatedinYear(y,s) = s <t

www.mpi-inf. mpg.de/yago-naga/sofie/
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SOFIE: Facts & Patterns Consistency

[Suchanek,Sozio,Weikum: WWW 09]

Constraints to connect facts, fact candidates & patterns

pattern-fact duality: . "
 Grounded into large propositional

occurs(p,x,y) A expresses(p,R) = Boolean formula in CNF

occurs(p,x,y) A R(x,y) = expresse * Max-Sat solver for joint inference
(complete truth assignment to all

name(-in-context)-to-entity mapping: L
( ) y mapping candidate patterns & facts)

— means(n,el) v — means(n,e2) v ..

functional dependencies: relation properties:

spouse(x,y): Xx—> vV, y— X asymmetry, transitivity, acyclicity, ...
type constraints, inclusion dependencies:

spouse C Person x Person capitalOfCountry < cityOfCountry
domain-specific constraints:

borninYear(x) + 10years < graduatedinYear(x)
hasAdvisor(x,y) A graduatedinYear(x,t) A graduatedinYear(y,s) = s <t

www.mpi-inf. mpg.de/yago-naga/sofie/
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SOFIE Example

ocdurs (X and her’husBand Y, Hillary, Bill) [100]
ocacurs)(X Yandtheir children, Hiltany, Bill) [40]
ocaurs (X and her husband.Y, Victoria/David) [60]
occurs (X dating|with Y, Rebecca, David) [20]
occur's (X dating with.Y, Vlictaria, Tom) [10]

spouse (Victaria,
spouse (Rebecca,
spouse (Victaria,

[-1]
[-1]
[-1]

SooyseNi®orig, B y=zspouse (Rebecca, David) m
10 AL x=mgpouse (Victoria, Tom) g

veeyrs Rixysthans RWotpri ' « S S ‘ [60]
—> Spous [

vcpuey [20]
—

vcpuey {loashian ¢y, V& (60]

= expresses (husband, Spouse)



Soft Rules vs. Hard Constraints

Enforce FD’s (mutual exclusion) as hard constraints:

hasAdvisor(x,y) A diff(y,z) = — hasAdvisor(x,z)

Combine with weighted constraints
No longer regular MaxSat
Constrained & weighted MaxSat

Generalize to other forms of constraints:

Hard constraint Soft constraint

hasAdvisor(x,y) A firstPaper(x,p) A firstPaper(y,q) A
graduatedInYear(x,t) A author(p,x) A author(p,y) ) A
graduatedInYear(y,s) inYear(p) > inYear(q) + Syears
=>s<t = hasAdvisor(x,y) [0.6]

Open issue for arbitrary constraints

(e.g., Datalog-style deductive grounding
vs. ,open-world“ Markov Logic)

— Rethink reasoning!



Pattern Harvesting, Revisited

[Suchanek et al: KDD 06; Nakashole et al: WebDB 10, WSDM 11]

using narrow &

narrow / nasty / noisy patterns: dropping nasty patterns

|
X and his famous advisor Y loses recall |

X jointly developed the method with Y
X carried out his doctoral research in math under the supervision of Y

POS-lifted n-gram itemsets as patterns: :J:;re]g Sfe'z}lsﬁ)a:tgetms

X { PRP ADJ advisor} Y slows down reasoner !
X { ADJ developed method}Y
X { carried out PRP doctoral research [IN NP] [DET] supervision [IN] } Y

confidence & support weights, using seeds and counter-seeds:

seeds: (MosheVardi, CatrielBeeri), (JimGray, MikeHarrison)
counter-seeds: (MosheVardi, RonFagin), (AlonHalevy, LarryPage)
— confidence of pattern p ~ (#p with seeds — #p with counter-seeds )
— support of pattern p ~ frequency of p




PROSPERA Architecture

[Nakashole,Theobald,Weikum: WebDB 10; WSDM 11]

—>» seed examples counter examples €&

~lr J, * Gathering: Enhanced Hearst patterns
heri — POS-enriched n-grams
[ e ] — Pattern-fact duality
v v — Disambiguation of entities based on
entity pairs phrase patterns “means” and “type” in YAGO
v V * Analysis: Refined pattern weights
[ Pattern Analysis ] — Carefully chosen seeds and counter
seeds (closed set of target relations)
‘]’ ‘l’ — Thresholds for confidence & support
Bt ate Dattarms e * Reasoning: Scalable (distributed)
¢ ~|/ extraction & consistency reasoning
) — MapReduce functions for extraction
[ Reasoning ] & gathering of statistics
wlr wlr — SOFIE-based, distributed MaxSat
accepted rejected solver + graph partitioning
facts candidates — Experiments on large Web corpus
| | w/500 Mio documents




Trivially Parallel: Pattern Mining

1. FUNCTION map(i, P;) 1. FUNCTION map(i, [e1, p,e2])

2. List N < generateNgrams(F;) 2. IF isSeedPattern(p)

3. FORn; € NDO 3. FORr € RDO

4, emit(n;,1) 4, SeedOccurrence O « [r, e1,e2]
5. emit(p.id, O)

1. FUNCTION reduce(n;, [v1,v2,v3,...])

2 support < 0 1. FUNCTION reduce(p.id, [O1,02,03, ...])

3. FORw; € [vl,v2,v3,...] DO 2. List L < {}

4, support <— support + v; 3. FORO € [01,02,03,...] DO

5 IF support > MINSUPPORT 4 L.append(O)

6 emit(n;, support) 5 emit(p.id, L)

* Frequent n-gram * Seed pattern

patterns occurrences &
confidences



Harder to Parallelize: Consistency Reasoning

* Distributed reasoning is non-trivial!
* Constraints impose dependencies

* Facts and pattern candidates are
vertices

* Literals in a grounded constraint form
cliques

occurs(“husband”, Victoria, David) A
Spouse(Victoria, David)
= expresses(“husband”, Spouse)

* Min-cut two-phase algorithm
* Randomized approximation
[Karypis et al. 98, Karger 96]
1: coarsen graph
2: partition the coarser graph
- minimize the weight
of the cut edges
- keep partitions balanced



PROSPERA Results

[Nakashole et al : WSDM 11]

Relation # Extractions Precision Precision@1000
PROSPERA-6 NELL-6 NELL-66 || PROSPERA-6 NELL-6 NELL-66 | PROSPERA-6

AthletePlaysForTeam 14,685 29 456 82% 100% 100% 100%
CoachCoachesTeam 1.013 57 329 88% 100% 100% n/a
TeamPlaysAgainstTeam | 15,170 83 1.068 89% 96% 99% 100%
TeamWonTrophy 98 29 397 94% 88% 68% n/a
AthletePlaysInLeague 3.920 2 641 94% n/a n/a n/a
TeamPlaysInLeague 1.920 62 288 89% n/a n/a n/a
AthleteWonTrophy 10 n/a n/a 90% n/a n/a n/a
CoachCoacheslnLeague || 676 n/a n/a 99% n/a n/a n/a

TeamMate 19,666 n/a n/a 86% n/a n/a 100%

Table 1: Performance comparison between PROSPERA and NELL on sports relations

8 7 " 60000
v S 50000
= 6 - 2
2 B8 40000
° 4 ® Reasoning = % 30000
3 P
2, 3 s 20000
Pattern b
=] (%]
(3 analysis < é 10000
0 - - 0 -
=
1 2 3 4 5 6 1 2 3 4 5 6
(a) Iteration (b) Iteration

ClueWeb-2009 corpus: ~500 Mio English Web documents



Outline for Part Il

Domain-oriented IE vs. Open-domain IE ¢/
— What to extract: entities, classes, binary & higher-arity relations

Entities, Classes & Subsumptions ¢/
— WordNet concepts, Wikipedia categories, entity disambiguation

Pattern-based Knowledge Harvesting v/

— Wrapper induction, WebTables, statistical pattern mining

Probabilistic Extraction Models ¢/
— HMMs, MEMMs, CRFs

Constraints & Reasoning ¢
— MLNSs, CCMs, FactorlE, SOFIE/PROSPERA

Open-domain IE
— ReadTheWeb, TextRunner, Omnivore, REVERB

Advanced reasoning
— Temporal/spatial annotations of facts



Open-Domain IE, History

e KnowltAll (Web), Kylin/Kog (Wikipedia-centric)

[Etzioni,Cafarella et al: WWW 04; Wu,Weld et al: CIKM 07, SIGMOD-Rec. 08,
WWW 2008]

* TextRunner, Omnivore, REVERB

[Cafarella,Banko,Etzioni,Soderland et al: AAAI 06, NAACL-HLT 07,
SIGMOD Rec. 07, 1JCAI 07, CIDR 09, NAACL 10, EMNLP 11]

e ReadTheWeb, NELL
[Carlson,Cohen,Mitchell et al: NAACL-HLT Ws. 09, AAAI 10, WSDM 10]



Open-domain |IE, Methodology

Information extraction from free text with limited or no
assumptions about domain knowledge

NLP techniques: POS, DP, SRL

Unsupervised clustering or semi-supervised classifiers
Bootstrapping loops: pattern/fact duality

No or limited (periodic) human supervision

Extract a large number of “beliefs” or “assertions”



ReadTheWeb

[Carlson,Mitchell et al: NAACL-HLT Ws. 09, WSDM 10, AAAI 10]

* Coupled Semi-Supervised Learning for Information
Extraction

* Ontological backbone athletePlaysForTeam

— Closed set of categories & typed relations (Athlete, SportsTeam)

— Seeds/counter seeds athletePlaysForTeam

— Open set of predicate arguments (Alex Rodriguez, Yankees)
* Coupled learners athletePlaysForTeam

— Coupled pattern/relation extractor (Alexander_QOvechkin,

— Coupled SEAL Penguins)
e NELL

— Constantly running over a large Web corpus since January 2010
(200 Mio pages Web crawl)
— Periodic human supervision



ReadTheWeb

[Carlson,Mitchell et al: NAACL-HLT Ws. 09, WSDM 10, AAAI 10]

Coupled Semi-Supervised Learning for Information

Extraction

Coupled output constraints
— For f (x;) =y, and f,(x;) -y,
— Restrict outputy, and y,
(e.g. f,(x) = f,(x) for functional
dependencies, mut.-ex.)
Compositional constraints
— For f,(x;) =y, and f,(x,, x,) =V,
— Restrict y,, y, to valid pairs
(special case: type checking)
Multi-view agreement
— Co-training classifiers
fi(x;) =yand fy(x,) >y
Constraints employed for experiments
— Mutual-exclusiveness predicates
— Type checking
— Label-agreement

Coupled Pattern Learner (CPL)
Fori=1,..,>~do
— For each predicate p do

— Extract new candidates instances/contextual
patterns of p using recently promoted instances

— Filter candidates that violate constraints
— Rank candidate instances/patterns
— Promote top candidates for next round

Meta-Boostrap Learner (MBL)
Fori=1,..,>~do
* For each predicate p do

— For each extractor e do

Extract new candidates for p using e with
recently promoted instances

— Filter candidates that violate mutual-exclusion
or type constraints

— Promote candidates that were extracted by all
extractors




ReadTheWeb

[Carlson,Mitchell et al: WSDM 10]

Precision (%) Promoted Instances (#)
Predicate CPL UPL CSEAL SEAL MBL CPL UPL CSEAL SEAL MBL
CompanyAcquiredCompany 97 T - - - 93 230 0 0 0
AthletePlaysForTeam 100 93 100 76 100 9 269 4 17 96
AthletePlaysInLeague - 78 100 57 - 0 18 14 82 0
AthletePlaysSport 100 47 100 100 100 83 258 1 1 109
CEOOfCompany 100 100 - 100 100 18 18 0 1 1
CityLocatedInCountry 93 57 100 100 100 185 787 9 577 136
CityLocatedInState 100 70 100 93 100 76 194 34 537 54
CoachCoachesInLeague - - 0 - - 0 0 1 0 0
CoachCoachesTeam 100 100 - - 100 324 668 0 0 6
CompanylsInEconomicSector 93 97 - - - 583 889 0 0 0
CompanyCompetesWithCompany 100 67 - - - 28 123 0 0 0
CompanyHasOfficeInCity - 63 - 100 - 0 526 0 4 0
CompanyHasOfficeInCountry - 90 - - - 0 195 0 0 0
CompanyHeadquarteredInCity 50 53 100 100 - 2 532 1 2 0
LeaguePlaysGamesInStadium - - - 100 - 0 0 0 177 0
CompanyProducesProduct 97 93 - - 100 54 215 0 0 8
ProductInstanceOfProductType 73 67 - - - 153 484 0 0 0
SportUsesSportsEquipment 33 3 100 87 33 15 1330 5 15 6
StadiumLocatedInCity 100 20 77 70 90 7 600 200 554 56
StateHasCapital City 60 70 - 73 - 266 188 0 495 0
StateLocatedInCountry 97 40 100 97 100 194 1299 46 653 61
TeamHasHomeStadium 100 87 100 100 100 97 208 179 106 92
TeamPlaysAgainst' Team 100 80 - - - 238 2088 0 0 0
TeamHasHomeCity - 57 - 93 100 0 680 0 29 11
TeamPlaysInLeague 100 67 100 100 100 7 255 104 749 23
TeamPlaysSport - 70 100 100 100 0 177 30 30 37
TeamWonAward TrophyTournament 90 70 - - - 128 262 0 0 0
Average 89 69 91 91 95 95 463 23 149 26
Weighted Average 91 61 92 90 99

Beliefs learned over a 200 million pages Web corpus after 10 iterations



NELL: Never-Ending Language Learning

[Carlson,Mitchell et al: AAAI 10]

Constantly online since January 2010
— Many hundreds of iterations

More Coupled Learners
— Coupled Pattern Learner
e.g., mayor of X, X plays for Y
— Coupled SEAL
Set expansion & wrapper induction algorithm
— Coupled Morphological Classifier
Regression model for morphological features of noun phrases

— First-order Rule Learner (based on FOIL)
e.g., athletelnLeague(X, NBA) = athletePlaysSport(X, basketbal)

More mutual-exclusion constraints using seeds/counter
seeds and “mutex-relations”



NELL: Never-Ending Language Learning

[Carlson,Mitchell et al: AAAI 10]

Predicate Web URL Extraction Template

academicField  http://scholendow.ais.msu.edu/student/ScholSearch. Asp &nbsp; [X] -

athlete http://www.quotes-search.com/d_occupation.aspx Jo=+athlete  <a href=’d.author.aspx?a=[X]" >-
bird http://www.michaelforsberg.com/stock.html <option>[X]</option>

bookAuthor http://lifebehindthecurve.com/ </li> <1i>[X] by [Y] &#8211;

SEAL wrappers

Probability  Consequent Antecedents
0.95 athletePlaysSport(X, basketball) <« athleteInLeague(X, NBA)
091 teamPlaysInLeague(.X, NHL) <= teamWonTrophy(X. Stanley Cup)
0.90  athleteInLeague(X, Y) < athletePlaysForTeam(X', /), teamPlaysInLeague(Z, Y)
0.88  cityInState(X, V") < cityCapitalOfState(X, V'), cityInCountry(X, USA)
70.62  newspaperInCity(XX, New York) < companyEconomicSector(.X', media), generalizations(X, blog)

Deduction rules

Predicate Feature Weight MOthOIOglcaI features

mountain LAST=peak 1.791 .

mountain LAST:Elountain 1.093 & wel 8 htS

mountain FIRST=mountain  -0.875

musicArtist LAST=band 1.853

mus@cArr@ st POS=DT_NNS 1.412 Predicate Pattern
musicArtist POS=DT_JJ_NN -0.807

newspaper LAST=sun 1.330 emotion hearts full of X
newspaper LAST=press 1.276 beverage cup of aromatic X
newspaper LAST=university  -0.318 newspaper op-ed page of X
university LAST=college 2.076 teamPlaysInLeague X ranks second in Y
uni\-’ersit:v PREFIX=uc 1.999 bookAuthor Y classic X
university LAST=university 1.745 .

university FIRST=college -1.381 Extraction patterns
visualArtMovement ~ SUFFIX=ism 1.282

visualArtMovement  PREFIX=journ -0.234

visualArtMovement  PREFIX=budd -(.253




@ citycapitalofcountry - Read the Web :: NELL KnowledgeBase Browser - Mozilla Firefox E]@
File Edit Wiew History Bookmarks Tools  Help
|mcitycapitalofcountry - Read the Web 1 NELL |l| ~ N E L L
\(" ML hittp:ffrtw, ml.cmu, edufrbwkbbrowser fpred: ciycapitalofeountry - ‘." ). N
NELL Knowledge Base Browser
CMU Read the Web Project log in | preferences | help/instructions | feedback Exa m p | e O u t p u t
T s
- citycapitalofcountry §
(relation: domain city, range country) specifies that a particWiar cify is the capital of a pariicliar country
See metadata for citycapitalofcountry
e Browse by concepts &
instance iteration date learned confidence y p
bratislava, slovakia 247 12-may-201 100.0 .
cardiff_airport, wales 304 19-jun-2011 100.0 rEIatlons
edinburgh_airport, scotland 328 02-jul-2011 100.0
windhoek, namibia 304 19-jun-2011 100.0
santo, dominican_republic 333 Od-jul-2011 100.0
damascus, syrla 319 27-jun-201M 100.0
monrovia, republic_of_liberia 332 04-jul-201 100.0 . .
west_seneca, jamaica 304 19-jun-2011 100.0 CI tycaplta/OfCO un try
bamaka, mali 333 04-jul-201 100.0
ouagadougou, burkina_faso 326 01-jul-201M 100.0 . .
lorre. toga 333 04-ju-2011 wo | | © 5§ h|gh_conf|dence
revkjavik, icelanddnt 333 Od-jul-2011 100.0
chicago, midwest 318 27-jun-201M 100.0 .
ki, Ukraing 253 18-may-2011 100.0 I n Sta n Ces
london_luton, wunited_kingdom 333 04-jul-201 100.0
san_juan_hautista, commonwealth_of_puerto_rico 333 04-jul-20Mm 100.0
ashgabat, turkmenistan 210 17-feb-2011 959
harilton, bermuda 326 01-jul-201M 959
duhblin, republic 302 18-jun-2011 9598
panamalll, panama 333 04-jul-201M 958
port_vila, vanuaty EIEE 0d-jul-2011 99 8
abidjan, vory_coast a0z 18-jun-2011 j=1=N
barcelona, catalonia 162 13-now-2010 996
rarotonga, colony_of_the_falkland_islands 333 Od-jul-2011 996
kaunas, lithuaniado] 333 Od-jul-2011 99.2
fort_de_france, martinigue 3T 27-jun-2011 954
hargeisa, somaliland 210 17-feb-2011 954
mogadishu, samalia 210 17-feb-2011 954
nineveh, assyria 212 20-feh-20M 954
pararmaribo, surinarme a1 0d-jul-2011 SE 4
stanley, falkland_islands 333 Od-jul-2011 S84
st_tropez, reunion 33z 0d-jul-2011 S84
tripali, libya 162 13-now-2010 904
castries, saint_lucia 210 17-feb-2011 959
funafuti, tuvalu 210 1i-fed-20M 96.9
oranjestad, aruba 222 21-mar-2011 95.9
pristina, kosovo 210 17-feb-2011 95.9
taungayi, shan_state 300 17-jun-"n11 Qs o
alofi, niue 210 17-feb-
bandung, west_java 253 18-may- htt . t | d
 belize_city, helize 313 24-jun- p ° r W- m . C m u ° e u
| bishkek, kyrgyzstan 162 13-now-! }
w

b elonn barbadn il [5-5en-2110] 05 5


http://rtw.ml.cmu.edu/rtw/
http://rtw.ml.cmu.edu/

@cit\,«‘ pitalofcountry metadata - Read the Web :: NELL KnowledgeBase Browser - Mozilla Firefox

M=%

File Edit View History Bookmarks Tools  Help

| mL citycapitalofcountry metadata - Read the W... | +

(' ML hitkp ffrbvs ml e edufriwfkbbrowser fpredmeta:citycapitalof country

NELL Knowledge Base Browser
CWU Read the Web Project

- ¢

- RIS

log in | preferences | help/instructions | feedback

NELL

® players

® politicianholdsoffice

* politiciansponsoredpaliticshill
* politicshillconcernsissue
o politicshillsponsoredbypalitician
* politicsgroupconcernsissue
® professionusestool

e publicationwritesabout

® religionusesplaceofworship
roomecancontainitern
scoreofsportsgarme
sideeffectcausedbydrug
sporthassportsteamposition
sportsgarmeloserscore
sportsgarmescore
sportsgamesport
sportsgamewinnerscare
sportsportsgameexample
sportsteampositionathlete
sportsteampositionforsport
sporttearn
sportusesequipment
sportusesstadium
stadiumbometosport
statelocatedincountry
streetincity

synaonymrar
teamplayssport
teamwontrophy
toolusedbyprofession
trainstationincity

trophywonbycoaches
troptrywonbyteam

universityhasacadermicprogram
universityoperatesinlanguage
wisualartformartist
wisualartistartfonm
visualartistartrmovernent
visualartmovermentartist

® winningscoreofsportsgame
* seedinstances

* ["Buenos Aires", "Argentina"}
"Canada", "Ottowa"}
"Moscow”, "Russia"}
"New Dehli', "India"}
"Ottawa", "Canada"}
"Paris", "France"}
"Russia", "Moscow"}
"Tehran”, "lran"}

L
*
L
e
*
.
®

-

Example Output

Metadata

 Domain/range

* Extraction patterns
* Freebase Ids

* Negative examples
* Seed examples

Mutex-relations

http://rtw.ml.cmu.edu/
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TextRunner

[Cafarella,Banko,Etzioni,Soderland et al: AAAI 06, NAACL-HLT 07, SIGMOD Rec. 07, IJCAI 07]

Machine Reading

— Automatic, unsupervised understanding of text /
— Open set of entities and relations (= assertions) //
* Single-pass extractor

— POS tagging, extract triplets of NP x VP x NP
» Self-supervised classifier

— Trained on POS sequences from trustworthy sentences
* Synonym resolution

— Unsupervised clustering of nouns and verbal phrases
* Query interface

— Issue structured keyword over triplet patterns

REVERB

— Syntactic & lexical constraints on verbs and nouns; open-source release
[Fader,Soderland,Eztioni: EMNLP 11]

— Deep NLP: semantic role labeling for Open-IE
[Christensen,Mausam,Soderland,Eztioni: NAACL 10]



@ ReVerb Search Results - Mozilla Firefox

M]f=1% |

File Edit Yiew History Bookmarks  Tools  Help

\ (- ) http: firv cs.washington, edu: 8080/ rbart fogi-bin/reverb/reverb_demo.pl
| Reverb Search Results +

ReVerb took 41 seconds.
Retrieved 49 results for Argument 1 containing "Angela Merkel"
Grouping results by argument 1. Group by: predicate | arqument 2

Angela Merkel {19 results)

Angela Merkel is chancellor of Germany (12)

Angela Merkel is Germany 's Chancellor (4, German chancellor {2), no Margaret Thatcher (5)
Angela Merkel became Germany 's first female chancellor {107, first woman chancellor of Germany [2)
Angela Merkel was elected Chancellor of Germany (5)

Angela Merkel was elected in 2005 (2)

Angela Merkel has the full confidence and support of the CD U and CSU (2}, East German roots (2)
Angela Merkel was elected Chancellor in Germany (2)

Angela Merkel is head of the CDU. (2}

Angela Merkel iz not a fawning head of state (2)

Angela Merkel was sworn in as Germany 's chancellor (32)

Angela Merkel zapparently has a fear of dogs (2)

Angela Merkel was bornin Hamburg {3)

Angela Merkel comes from East Germany (2)

Angela Merkel zimed this salvo (2)

Angela Merkel is the new chancellor in Germany (2)

German Chancellor Angela Merkel (23 results)

German Chancellor Angela Merkel said Thursday (2}, Friday (2}, all African leaders (2}, Tuesday (3)
German Chancellor Angela Merkel will address the conference (2)

German Chancellor Angela Merkel is calling on fellow heads of government (2}
German Chancellor Angela Merkel warned of "big risks {2)

German Chancellor Angela Merkel defended the German-borm pope (4)

German Chancellor Angela Merkel currently holds the presidency of the EU (2)
German Chancellor Angela Merkel topped the list (2)

??7? German Chancellor Angela Merkel arrived in Ethiopia (3)

German Chancellor Angela Merkel listens to a parliamentary debate (2)

German Chancellor Angela Merkel gets a suprise (2)

German Chancellor Angela Merkel met with the Dalai Lama (2}

German Chancellor Angela Merkel currently holds the EU presidency (2)

German Chancellor Angela Merkel traveled to the crash scene (2)

German Chancellor Angela Merkel arrives for a meeting (2)

German Chancellor Angela Merkel is hosting the meeting (2)

German Chancelor Angela Merkel condemned the attack (2)

German Chancellor Angela Merkel faced tough questions after her conservatives (2)
German Chancellor Angela Merkel gives a speech as she campaigns (3)

- c ‘.l— textrunner ).

TextRunner
Example Ouput

5. 12

Search again:

Argurnent 1
Angela Merkel
Predicate

Triplets grouped by
Argl X Pred X Arg2
* Entity names &

predicates
Chancellor Angela Merkel (5] matChed but nOt
future Angela Merkel government

%lllgela Merkel 's six-month Ca n O n ica I ized

presidency of the European Union
]

Argurnent 2

Search Again

Jump to:

Angela Merkel {19
Germnan Chancellor Angela
Merkel (23}

http://www.cs.washington.edu/

research/textrunner/reverbdemo.html



http://www.cs.washington.edu/research/textrunner/reverbdemo.html
http://www.cs.washington.edu/research/textrunner/reverbdemo.html
http://www.cs.washington.edu/research/textrunner/reverbdemo.html
http://www.cs.washington.edu/research/textrunner/reverbdemo.html
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@ ReVerb Search Results - Mozilla Firefox

M=%

File Edit Wiew History Bookmarks Tools  Help

\ € ) || httpiffre.cs.washington, edu: 8080/ rbart fcgi-binfreverbfreverb_demo.pl
| Reverb Search Results | +

2 ReVerb Search

= G2 textrunner|

ReVerb took 39 seconds.

Retrieved T4 results for Predicate containing "is located in" and Argument 2 containing "India",
Returned 16 results by filtering Argument 1 using 2 FreeBase types matching "City" - 58 discarded results

Grouping resuits by argument 1. Group by: predicate | arqument 2

Delhi (3 results)

Delhi is located in northern India (6), the northern part of India (2}, the northern planes of India (2}

Bangalore (3 results)

Eangalore is located in the southern part of India (4}, India (<), South India (Z)

centers (1 results)

centers are located in India (5)

Pune (2 results)

Fune is located in western India (3}, the western part of India (2}

Nagpur (1 results)

Magpur is located in the centre of India (2)

Bengal (1 results)

Eengal is situated in East India (2)

Institute (1 results)

Institute is located in the premises of the Servants of India Society (2)

jobs (1 results)

jobs are located in India (Z)

Ranthambore National Park (1 results)

Ranthambore Mational Park is situated in India 's north wiestern state of Rajasthan (2)

reserves (1 results)

reserves are mostly located in the coastal stretches of peninsular India (2)

Search again:

Argument 1
City
Predicate

is located in

Argument 2
India

Search Again

Jump to:

Delhi i3)

Bangalore (3)

centers (1)

Pune (21

Magpur (1

Bengal (1

Institute {1

jobs (11

Rantharmbore Mational Park (1

reserves (1
“endors (1

TextRunner

Example Ouput

Can filter arguments

by FreeBase concepts

http://www.cs.washington.edu/

research/textrunner/reverbdemo.html
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Omnivore

[Cafarella: CIDR 07]

Extract and query a comprehensive Web database

e Combines extractors from
— KnowltAll
— TextRunner
— WebTables
— Weak associations (unknown relations)
e.g., Mike_Cafarella <?> Alon_Halevy

* SQL query interface

— Individual sources unified into a relational schema for
on-the-fly querying



Outline for Part Il

Domain-oriented IE vs. Open-domain IE ¢/
— What to extract: entities, classes, binary & higher-arity relations

Entities, Classes & Subsumptions ¢/
— WordNet concepts, Wikipedia categories, entity disambiguation

Pattern-based Knowledge Harvesting v/

— Wrapper induction, WebTables, statistical pattern mining

Probabilistic Extraction Models ¢/
— HMMs, MEMMs, CRFs

Constraints & Reasoning ¢
— MLNSs, CCMs, FactorlE, SOFIE/PROSPERA

Open-domain IE ¢
— ReadTheWeb, TextRunner, Omnivore, REVERB

Advanced reasoning
— Temporal/spatial annotations of facts



Higher-arity Relations — Space & Time

e YAGO2 Numbers
T st Wikdpedia | incl Gaseteer Data_

#Relations 104 114
#Classes 364,740 364,740
#Entities 2,641,040 9,804,102
#Facts 601,984,236 2,231,699,989
- base relations 120,639,022 461,893,127
- types & classes 8,649,652 15,716,697
- space, time & proven. 472,695,562 1,754,090,165
Size (CSV format) 23.4 GB 121 GB

estimated precision > 95%
(for basic relations excl. space, time & provenance)

www.mpi-inf. mpg.de/yago-naga/
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French Marriage Problem (Revisited)

AUG SEP OCT NOV DEC

=N /4 TN D

o AR ANAR

Facts in KB: jﬁk’—kjtfm
1: married E E =]

(Hillary, Bill) L @ >
2: married

(Carla, Nicolas) New fact candidates:
3: married 4: married (Cecilia, Nicolas)

(Angelina, Brad)

validFrom (2, 2008)

7: divorced (Madonna, Guy)
8: domPartner (Angelina, Brad)

validFrom (4, 1996)  validUntil (4, 2007)
validFrom (5, 2010)
validFrom (6, 2006)
validFrom (7, 2008)

~.



Challenge: Temporal Knowledge Harvesting

For all people in Wikipedia (100,000‘s) gather all spouses,

incl. divorced & widowed, and corresponding time periods!

>95% accuracy, >95% coverage, in one night

Nicolas Sarkozy B

%d&c %Jf/ﬁflj tiii

Birth name

Political party

Spouse

1. Catherme Anne Jane Children

Residence

Alma mater

Occupation

Con5|stency constramts are potentlally helpful:

e functional dependencies: {husband, time} — {wife, time}
e inclusion dependencies: marriedPerson < adultPerson

e age/time/gender restrictions: birthdate + A < marriage < divorce

28 January 1955 (age 53)
Paris, France

Nicolas Paul Stéphane
Sarkdzy

RR (?-2002)
UMP (2002-)
@ie-Dominique C@
(div)
cCécilia Ciganer-Albéniz_>
{div)
Carla Bruni )

Pierre (by Culioli)
Jean (by Culioli)
Louis (by Ciganer-Albéniz)

Elysée Palace

University of Paris X
MNanterre

Lawyer

Roman Cathaolic



Nicolas Sarkozy

Cécilia Attias
First Lady of France

In office

16 May 2007 — 10 October 2007
President Micolas Sarkozy

Preceded by Bernadette Chirac

< 1

President of France

Incumbent

Assumed office

Born

Political party

Other political

28 January 1955 (age 55)

Pariz, France

Union for & Popular
howvement (2002-present)

Rally for the Republic

1 by Carla Bruni

Born Movember 12, 1957 (age 52)

Boulogne-Billancourt, France

Difficult Dating

Spouse(s) Jacgues Martin (m. 1954—1959)
Micolss Sarkozy (m. 1996-2007)

Fichard &ttias

(m. 2005—resent)

affiliations (1976-2002)

Spouse(s) harie-Daminicgue Culicli
(1982-1996)
Cécilia Ciganer-Albéniz
(1996-2007)
Carla Bruni-Sarkozy (2008-
present)

Children Pierre Sarkozy by Culioli)
Jean Sarkozy by Culioliy
Louis Sarkozy by Ciganer-
Abéniz)

Residence Elysée Palace

Alma mater
Profession

Religion

Pariz ¥ University Manterre
Laswyer

Foman Cathalicizm

Children Judith Martin (b.1954)
Jeanne-harie Martin (b.1987)

Louis Sarkozy (h.1997)

Wife of the President of the French
Republic

Incumbent

Assumed office

2 February 2008
President  Nicolas Sarkozy

Preceded by Cécilia Ciganer-2lbéniz

Born 23 December 1967 (age 42)

Turin, taly

Birth name Carla Gilberta Bruni Tedeschi

Spouse(s) Micolas Sarkozy

Erthoven)

Charles
Frince of Wales; Duke of Rothesay (wore)

Diana

FPrincess of Wales, Duchess of Rothesay

Birth name

Spouse Lady Diana Spencer
m. 1981; div. 1996
Camilla Parker Bowles
m. 2005

Issue

Prince Wiliam of Wales
Prince Harry of Wales

Full name

Charles Philip Arthur George

House Maternal: House of Windsor
Paternal: House of Schleswig-
Holstein-Sonderburg-Glickshury

Father Prince Philip, Duke of Edinburgh

Mother  Elizabeth Il

Born 14 November 1943 (age 61)

Buckingham Palace, London

Signature ' A

_——‘—_\_/

Religion Christian (Church of England)

Spouse Charles, Prince of Wales
(29 July 1981 — 28 August 1996)

Issue

Prince William of VWales
Prince Henry of Wales

Full name

Diana Frances Spencer[N 1

hadonna at the premiere of ! Am Because We Are in

Madonna

2008.

Background information

Madonna Louise Ciccone

Guy Ritchie

2|

Guy Ritchie, September 2003

House House of Windsor
Father John Spencer, 8th Earl Spencer Born Sy stuartchls
10 September 1968 (age 41)

Mother Frances Shand Kydd Hatfield, Hertfordshire, England
Born 1 July 1961 Occupation  Filmmaker, Screenwriter

Park House, Sandringham, Norfolk

£ ind ! Years 1995present

Died 31 August 1997 (aged 36) active

Pitié-Salpétriere Hospital, Paris, France Spouse(s) Madonna (2000-2008)
Burial Althorp, Northamptonshire (divorced)




(Even More Difficult) Imp||C|t Datlng

explicit dates vs.
implicit dates relative to other
dates

ame, see Sarkgzl (sumam
kozi] W helpfnizy). bom Nicolgs Paul Stéphane Sarkozy de Nagy-Bocsa on

resident of the French RepublNand ex officio Co-Prince of Andorra. He
efeating Sofialist F'artgr_n::anu:lil:late Sedolene Royal 10 days earlier

Micolad, Sarkozy

Union for a Popular Mpvement (UMP). Under Jacques Chirac’s presidency he
erre Raffann’'s (LUMP) first two governments (from May 2002 to March 2004
 Raffarin’s last government (March 2004 to May 2005) and again Minister of
nment (2005-2007)

council of the Hauts-de-Seine department from 2004 to 2007 and mayor of
nmunes of France from 1983 to 2002. He was Minister of the Budget in the
decessor of the UMP) during Francois Mitterrand's last term

he French economy M He has pledged to revive the work ethic. promote
relgn affairs he has promised a strengthening of the entente cordiale with the

 m

with the United States. ! He married Carla Bruni-Sarkozy on 2 February 2008




(Even More Difficult) Imp||C|t Datlng

Early life

vague dates
relative dates

During Sarkozy's childhood ) his father refused to give his wife's family any financial help, ever ooy e rau roanuey

his own advertising agency and had become wealthy. The family lived in a small mansion owned by Sarkozy's
grandfather, Benedict Mallah, in the 17th Arrondissement. The family later moved to Meuilly-sur-Seine, one of the

wealthiest communes of the lle-de-France région immediately west of the 17th Arrondissement just outside of Paris
According to Sarkozy, his staunchly Gaullist granu:lfatherwas maore of an influence on him than his father, whom he
rarely saw. Sarkozy was, accordingly, raised Catholic

Sarkozy said that being abandoned by his father shaped much IIIf whao he is today. He also has said that. in his early
vears, he felt inferior in relation to his wealthier classmates = "YWhat made me who | am now is the sum of all the
humiliations suffered during childhood”, he said later

Education

narrative text
relative order

Sarlfnzvmas[mrnlled in the Lycee Chaptal] a state-funded public middle and high school inFamssom

arrondissement, where he falled his sixiéme. His fannlﬂhen[sent him to the Cours Saint- .f_c-u s de Monceau] a private

Catholic school in the 17th arrondissement. where he was repu:urtecllU 3 mediocre Student. - bl where e nonetheless
ohtained his baccalauréat in 1973 Helenrolled at the Université Pans X Nanterre) where he graduated with a Master in

Private law, ang

later

h-'-.-'i'[h a DEA degree in Business law F'ans X Manterre had been the starting place for the May 68

student moverment and was still a stronghold of leftist students. Described as a quiet student, Sarkozy soon joined the
right-wing student organization, in which he was very active. He completed his military service as a part time Air Force

cleaner = {After graduating ) he Entered the Institut dEtudes Politigues de Pars (1979-1981] but failed to graduate

due to an insufficient command of the English language = After passing the bar. he became a lawyer specializing in

business and family law.”**" and was cne of Silvio Berlusceoni's top French advocates !



TARSQI: Extracting Time Annotations

[Verhagen et al: ACL'O5]

http://www.timeml.org/site/tarsqi/

Hong Kong is poised to hold the first election in more than -<TIMEX3 tid="t3"
TYPE="DURATION" VAL="P1l00Y">a century</TIMEX3> that includes a democracy
advocate seeking high office in territory controlled by the Chinese government in Beijing. A pro-
democracy politician, Alan Leong, announced <TIMEX3 tid="t4" TYPE="DATE"
VAL="20070131">Wednesday</TIMEX3> that he had obtained en
appear on the ballot to become the territory’s next chief executive. But h
he had no chance of beating the Beijing-backed incumbent, Donald Tsan
election. Under electoral rules imposed by Chinese officials, only 796 pe
committee — the bulk of them with close ties to mainland China — will be allowed to vote in the
<TIMEX3 tid="t5" TYPE="DATE" VAL="20070325">March 25</TIMEX3>
election. It will be the first contested election for chief executive since Britain returned Hong
Kong to China in <TIMEX3 tid="t6" TYPE="DATE" VAL="1997">1997</TIMEX3>.
Mr. Tsang, an able administrator who took office during the early stages of a sharp economic
upturn in <TIMEX3 tid="t7" TYPE="DATE" VAL="2005">2005</TIMEX3>, is
popular with the general public. Polls consistently indicate that three-fifths of Hong Kong’s
people approve of the job he has been doing. It is of course a foregone conclusion — Donald
Tsang will be elected and will hold office for <TIMEX3 tid="t9" beginPoint="t0"
endPoint="t8" TYPE="DURATION" VAL="P5Y">another five years
</TIMEX3>, said Mr. Leong, the former chairman of the Hong Kong Bar Association.




13 Relations between Time Intervals

[Allen, 1984; Allen & Hayes 1989]

A Before B B After A

A Meets B B MetBy A

A Overlaps B B OverlappedBy A

A Starts B B StartedBy A

A During B B Contains A

A Finishes B B FinishedBy A

A Equal B



Possible Worlds in Time

[Wang,Yahya,Theobald: MUD Ws. 10]

Derived teamMates(Beckham, playsFor(Beckham, Real, T1)
Facts Ronaldo) A playsFor(Ronaldo, Reel, T2)
State Relation N A overlaps(T1,T2)
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Possible Worlds in Time

[Wang,Yahya,Theobald: MUD Ws. 10]

Derived teamMates(Beckham, ¢ playsFor(Beckham, Real, T1)
Facts Ronaldo) A playsFor(Ronaldo, Reel, T2)
State Relation N A overlaps(T1,T2)

0.36 d
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> -“edg
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Non-independent

* Closed and complete representation model (incl. lineage)
— Stanford Trio project [Widom: CIDR’05, Benjelloun et al: VLDB’06]

* Interval computation remains linear in the number of bins
Bl ° Confidence computation per bin is #P-complete

F{ * Ingeneral requires possible-worlds-based sampling
techniques (Luby-Karp for DNF, MCMC-style sampling, etc.)




Outline for Part Il

Domain-oriented IE vs. Open-domain IE ¢/
— What to extract: entities, classes, binary & higher-arity relations

Entities, Classes & Subsumptions ¢/
— WordNet concepts, Wikipedia categories, entity disambiguation

Pattern-based Knowledge Harvesting v/

— Wrapper induction, WebTables, statistical pattern mining

Probabilistic Extraction Models ¢/
— HMMs, MEMMs, CRFs

Constraints & Reasoning ¢
— MLNSs, CCMs, FactorlE, SOFIE/PROSPERA

Open-domain IE ¢
— ReadTheWeb, TextRunner, Omnivore, REVERB

Advanced reasoning v/
— Temporal/spatial annotations of facts



Open Problems and Challenges in IE (I)

High precision & high recall at affordable cost
robust, statistical pattern mining & analysis
parallel processing and distributed reasoning, lazy / lifted inference, ...

Types and constraints
soft rules & hard constraints, rich DL, beyond CWA
explore & understand different families of constraints

Declarative, self-optimizing workflows

incorporate pattern & reasoning steps into |IE queries/programs

..» Scale, dynamics, life-cycle

4:,'; grow & maintain KB with near-human-quality over long periods

. Open-domain knowledge harvesting

.7 turnnames, phrases & table cells into entities & relations



Open Problems and Challenges in IE (1)

Temporal Querying (Revived)

temporal query language (T-SPARQL?)
confidence weights & ranking

Gathering Implicit and Relative Time Annotations

biographies & news, relative orderings
aggregate & reconcile observations

Incomplete and Uncertain Temporal Scopes
incorrect, incomplete, unknown begin/end dates
vague dating

Scalable Consistency Reasoning

extended MaxSat, probabilistic Datalog, graphical models,
scale-up Markov Logic, etc.

for resolving inconsistencies on uncertain facts & uncertain time
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* Querying Knowledge Bases
A short overview of SPARQL
Extensions to SPARQL

* Searching and Ranking Entities

* Searching and Ranking Facts
 Advanced Query Interfaces



SPARQL

* Query language for RDF from the W3C

* Main component:
— select-project-join combination of triple patterns

graph pattern queries on the knowledge base



SPARQL — Example

Example query:
Find all actors from Ontario (that are in the knowledge base)

scientist

vegetarian physicist chemist

isA isA isA

Mike_Myers

bornin

Jim_Carrey

bornin

Albert_Einstein Otto_Hahn

bornin

Scarborough Newmarket Frankfurt

locatedIn ocatedIn locatec ocatedIn

Ontario Germany

locatedIn locatedIn

Canada Europe



SPARQL — Example

Example query:
Find all actors from Ontario (that are in the knowledge base)

SELECT °?person WHERE °?person isA actor. ?person bornIn ?loc.
?loc locatedIn Ontario.

Find subgraphs of this form:

constants

isA iSA isA

?person i
p variables Mike_Myers Jim_Carrey

pornin pornin
Scarborough Newmarket

locatedlIn located ocatedIn

Ontario

Ontario

locatedin

Canada



SPARQL — More Features

* Eliminate duplicates in results

SELECT DISTINCT ?c WHERE {?person isA actor. ?person bornIn ?loc.
?loc locatedIn ?c}

e Return results in some order

SELECT ?person WHERE {?person isA actor. ?person bornIn ?loc.
?loc locatedIn Ontario} ORDER BY DESC (?person)

with optional LIMIT n clause

e Optional matches and filters on bounded vars

SELECT ?person WHERE {?person isA actor.
OPTIONAL{?person bornIn ?loc}.
FILTER (!BOUND (?loc))}

* More operators: ASK, DESCRIBE, CONSTRUCT



SPARQL: Extensions from W3C

W3C SPARQL 1.1 draft:

Aggregations (COUNT, AVG, ...) and grouping
Subqueries

Negation: syntactic sugar for
OPTIONAL {?x .. }

FILTER (! BOUND (?x))

Expressions in SELECT clause:
SELECT (?a+?b) as ?sum

Label constraints on paths:
?x foaf:knows/foaf:knows/foaf:name ?name

More functions and operators



SPARQL: Extensions from Research (1)

More complex graph patterns:
* Transitive paths [Anyanwu et al., WWWO07]

SELECT ?p, ?c WHERE ({

?p isA scientist .

?p ??r ?c. ?c isA Country. ?c locatedIn Europe .
PathFilter (cost(??r) < 5).

PathFilter (containsAny(??r,?t ). ?t isA City. }

* Regular expressions [Kasneci et al., ICDEOS]
SELECT ?p, ?c WHERE {
?p isA ?s. 7?s 1sA scientist.
?p (bornIn | livesIn | citizenOf) locatedIn* Europe.}

Now mostly covered by the SPARQL 1.1 Query proposal



SPARQL: Extensions from Research (2)

Queries over federated RDF sources:

* Determine distribution of triple patterns as part
of query (for example in ARQ from Jena)

* Automatically route triple predicates to useful

sources



SPARQL: Extensions from Research (2)

Queries over federated RDF sources:

* Determine distribution of triple patterns as part
of query (for example in ARQ from Jena)

* Automatically route triple predicates to useful
sources

Potentially requires mapping of
identifiers from different sources

SPARQL 1.1 will support explicit
federation of sources



RDF+SPARQL: Systems

* BigOWLIM

* OpenlLink Virtuoso

* Jena with different backends

* Sesame

* OntoBroker

 SW-Store, Hexastore, RDF-3X (no reasoning)
System deployments with >10 triples

( See http://esw.w3. org/LargeTripleStores)

More details on systems in our tutorial at the Reasoning Web

Summer School: ,,Database foundations for scalable RDF processing“



Outline for Part IV

* Querying Knowledge Bases v

* Searching and Ranking Entities
Entity Importance: Graph Analysis
Entity Search: Language Models

* Searching and Ranking Facts
* Advanced Query Interfaces



Why ranking is essential

Queries often have a huge number of results:
— scientists from Canada

— conferences in Toronto

— publications in databases

— actors from the U.S.

Ranking as integral part of search

Huge number of app-specific ranking methods:
paper/citation count, impact, salary, ...

Need for generic ranking



Extending Entities with Keywords

Remember: entities occur in facts in documents

—Associate entities with terms in those
keywords in URIs, literals. ...

(context of entity) j e
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Digression 1: Graph Authority Measures

Idea: incoming links are endorsements & increase node authority,
authority is higher if links come from high-authority nodes
Important instance: PageRank [Brin&Page, 1998]

® random walk of the Web graph: uniformly random choice of links, random jumps
e Authority of a page corresponds to stationary visiting probability j

Z PR(p)
(raee outdeg(p)

&
PR(q) :m+(1—g)-

Easy application to RDF data (with different weights for different relations):
ObjectRank (Balmin et al., 2004), EntityRank (Cheng et al., 2007), TripleRank (Franz et al., 2009)



Keyword-Based Entity Search: Principles

Combine several paradigms:

* Graph-based authority measure to determine
Important entities

* Keyword search on associated terms to
determine candidate entities

* Ranking can combine entity importance with
keyword-based score



Digression 2: Language Models (LMs)

State-of-the-art model in text retrieval

9 Q Vﬁ%
LM(8,)

d,
willl
LM(GZ)

e each document d, has LM: generative probability distribution of
terms with parameter 0.

e query q viewed as sample from LM(6,), LM(0,), ...

e estimate likelihood P[ q | LM(0,) ] that q is sample of LM of
document d. (q is ,generated by“ d.)

e rank by descending likelihoods (best ,,explanation” of q)



Language Models for Text: Example

/model M ]mﬁi

(BXB
‘cYclc; estimate likelihood
= of observing query
e YEXEYEJE — Pl @O®©®®En

k |

/ query
document d: sample of M

used for parameter estimation




Language Models for Text: Smoothing

/modeIM ﬁﬂﬁi ' lﬁ%

BYE

estimate likelihood

i of observing query
E XEXEXEXE g”‘@@@ll\ﬂ]

-— @

document d + background corpus Laplace smoothing

and/or smoothin Jelinek-Mercer
T / g Dirichlet smoothing

000

@
F
@G

V . .
used for parameter estimation



Entity Search with LM Ranking

query: keywords — answer: entities

s(e,q) = AP[q | ]+ (1- A)P[a] ~ [T M8~ k1 (Lm(a) [Lm(e))

Plq;]

LM (entity e) = prob. distr. of words seen in context of e

|

query q: ,, French player who
won world championship“

I

candidate entities:
el: David Beckham

e2: Ruud van Nistelroy

e3: Ronaldinho
e4: Zinedine Zidane

e5: FC Barcelona

played for ManU, Real, LA Galaxy
David Beckham champions league weighted
England lost match against France by conf.

married to spice girl ...

Zizou champions league 2002 : U
Real Madrid won final ... E‘ :
Zinedine Zidane best player ’
France world cup 1998 ...

[Z. Nie et al.: WWW’07]




Outline for Part IV

* Querying Knowledge Bases v
* Searching and Ranking Entities v

* Searching and Ranking Facts

General ranking issues
NAGA-style ranking
Language Models for facts

 Advanced Query Interfaces



What makes a fact ,good“?

Confidence:
Prefer results that are likely correct
» accuracy of info extraction
» trust in sources
(authenticity, authority)

Informativeness:
Prefer results with salient facts
Statistical estimation from:

» frequency in answer

» frequency on Web

» frequency in query log

Diversity:

Prefer variety of facts

Conciseness:

Prefer results that are tightly connected

» size of answer graph
» cost of Steiner tree

bornin (Jim Gray, San Francisco) from
,»Jim Gray was born in San Francisco”
(en.wikipedia.org)

livesin (Michael Jackson, Tibet) from

»Fans believe Jacko hides in Tibet”
(www.michaeljacksonsightings.com)

g: Einsteinisa ?
Einstein isa scientist
Einstein isa vegetarian

g: ?x isa vegetarian

Einstein isa vegetarian
Whocares isa vegetarian

Ewon ... Ediscovered... E played...
Ewon.. Ewon.. Ewon.. Ewon..

Einstein won NobelPrize
Bohr won NobelPrize

Einstein isa vegetarian
Cruise isa vegetarian
Cruise born 1962 Bohr died 1962



How can we implement this?

Confidence:
Prefer results that are likely correct
» accuracy of info extraction
» trust in sources
(authenticity, authority)

Informativeness:
Prefer results with salient facts
Statistical estimation from:

» frequency in answer

» frequency on Web

» frequency in query log

Diversity:
Prefer variety of facts

Conciseness:

Prefer results that are tightly connected
» size of answer graph
» cost of Steiner tree

empirical accuracy of IE
PageRank-style estimate of trust
combine into:
max { accuracy (f,s) * trust(s) |
s € witnesses(f) }

PageRank-style entity/fact ranking
[V. Hristidis et al., S.Chakrabarti, ...]

or

IR models: tf*idf ... [K.Chang et al., ...]
Statistical Language Models

Statistical Language Models

graph algorithms (BANKS, STAR, ...)
[J.X. Yu et al., S.Chakrabarti et al.,

B. Kimelfeld et al., A. Markovetz et al.,
B.C. Ooi et al., G.Kasneci et al,, ...]



LMs: From Entities to Facts

Document / Entity LM‘s 1J -

LM for doc/entity: prob. distr. of words
LM for query: (prob. distr. of) words
LM’s: rich for docs/entities, super-sparse for queries

richer query LM with query expansion, etc.

Triple LM’s

LM for facts: (degen. prob. distr. of) triple
LM for queries: (degen. prob. distr. of) triple pattern

LM’s: apples and oranges

» expand query variables by S,P,0 values from DB/KB
* enhance with witness statistics

e query LM then is prob. distr. of triples !



LMs for Triples and Triple Patterns

triple patterns (queries q): triples (facts f):
q: LM(qg) + smoothing %‘

i

g: ?x p ASCannes

q: ?x p ?y LM(qg): {t = P [t | t matches q] ~ #witnesses(t)}
LM(answer f): {t > P [t | t matches f] ~ 1 for f}
smooth all LM’s
rank results by ascending KL(LM(q) | LM(f))

q: Cruyff ?r FCBarcelona

witness statistics 2.: 2600



LMs for Composite Queries
q: Select ?x,?c Where {?x bornIn France . ?x playsFor ?c . ?cin UK .}

queries q with subqueries q; ... q,

results are n-tuples of triples t, ... t,

P [ Drogba bl F,

Drogba p Chelsea, LM(q): Plq,...a,] =IT. Plq;]
Chelseain UK ]
30 150 140 LM(answer): P[t,...t ] =[], P[t]

~

650 2600 500 KL(LM(q) |LM(answer)) = >, KL(LM(q;) | LM(t;))




Extensions: Keywords
Problem: not everything is triplified _ ﬂl o SR /ﬂ

Person |

* Consider witnesses/sources Semantics: | ﬂ
(provenance meta-facts) triples match struct. pred.
* Allow text predicates with

witnesses match text pred. j
each triple pattern (a la XQ-FT) 2N AYA /ﬂ

European composers who have won the Oscar,
whose music appeared in dramatic western scenes,
and who also wrote classical pieces ?

Select ?p Where {

?p instanceOf Composer .

?p bornin ?t. ?t inCountry ?c . ?c locatedin Europe .

?p hasWon ?a .?a Name AcademyAward .

?p contributedTo ?movie [western, gunfight, duel, sunset] .
?p composed ?music [classical, orchestra, cantata, opera] . }



Extensions: Kevwords

Problem: not everything is triplified ﬂﬂ
* Consider witnesses/sources Grouping of

(provenance meta-facts) keywords or phrases
* Allow text predicates with boosts expressiveness

each triple pattern (a la XQ-FT) [l I\/ 1\ — =g i

French politicians married to Italian singers?

Select ?p1, ?p2 Where {

?pl instanceOf ?cl [France, politics] .
?p2 instanceOf ?c2 [Italy, singer] .
?p1 marriedTo ?p2.}

CS researchers whose advisors worked on the Manhattan project?
Select ?r, ?7a Where {
?r it Qbideseanchpart Ffcanigmatdt science”] .

?a Wi Re@Q e hHsAah phtajear'gject”] .
?r ApsAdvisor ?a . }



LMs for Keyword-Augmented Queries

q: Select ?x, ?c Where {

France ml ?x [goalgetter, “top scorer”] .
?Xp ?c .
?cin UK  [champion, “cup winner”, double] . }

S e e e

subqueries q; with keywords w; ... w

results are still n-tuples of triples t,

LM(q;): P[triple t; | w, ... w_] =11, B P[t, | w,] + (1-B) P[t.]
LM(answer f;) analogous

KL(LM(q) |LM(answer f)) = 2; KL (LM(q;) | LM(f))

result ranking prefers (n-tuples of) triples
whose witnesses score high on the subquery keywords



Extensions: Query Relaxation

4

q@: ... Where {?x bornin R& .2%qp?2c. .22dimUK. }}

LM(q*) = A LM(q) + A, LM(q'¥) + A, LM(g?) + ...

replace e in q by el in qfi:
precompute P:=LM (e ?p ?0)

and Q:=LM (el ?p ?0)
set A, ~1/2 (KL (P]Q) + KL (Q|P))

replace rin q by rl) in gl) — LM (?s rli) ?0)
replace e in q by ?x in q? > LM (?x r ?0)
LM‘sofe,r, ...

are prob. distr.'s
of triples !



Extensions: Diversification

q: Select ?p, ?c Where { ?p isa SoccerPlayer . ?p playedFor ?c. }

/\

1 Beckham, ManchesterU 1 Beckham, ManchesterU
2 Beckham, RealMadrid 2 Beckham, RealMadrid
3 Beckham, LAGalaxy 3 Zidane, RealMadrid
4 Beckham, ACMilan 4 Kaka, ACMilan
5 Zidane, RealMadrid 5 Cristiano Ronaldo, ManchesterU
6 Kaka, RealMadrid 6 Messi, FCBarcelona
® 7 Cristiano Ronaldo, RealMadrid 7 Henry, Arsenal
8 Raul, RealMadrid 8 Ribery, BayernMunich
9 van Nistelrooy, RealMadrid 9 Drogba, Chelsea
10 Casillas, RealMadrid 10 Luis Figo, Sporting Lissabon

rank results f, ... f, by ascending
6 KL(LM(q) | LM(f})) — (1-0) KL( LM(f) | LM({f,..f \{f;}))

implemented by greedy re-ranking of f.‘s in candidate pool
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* Searching and Ranking Facts v

 Advanced Query Interfaces
Natural Language Queries
Incremental Query Construction
Visual Query Interfaces



What we have seen so far

Two main paradigms for querying:

e Keywords for entity search:
very easy to use, but not very powerful

e Structured languages (SPARQL):
usable by experts only, but very powerful

Need for more powerful paradigms

below the complexity of SPARQL



Other Query Interfaces

e Domain-specific form-based interfaces
e Natural language queries, QA
e Incremental Query construction

e Faceted Browsing
e Active Learning

e VVisual SPARQL Query Builders



Natural Language Queries

Paradigm:

Allow queries in plain English

Map (groups of) keywords to triple patterns, based on existing triples: [NLP-
Reduce, PowerAqual

“Find a restaurant that is in Barcelona”

— ?r isIn Barcelona. ?r isA restaurant

Extract query skeleton from syntax tree, heuristic match to known patterns:
[Querix]

“What is a restaurant in Barcelona”

— Q-V-N-P-N

Ambiguities resolved by user interaction or by automated methods

Controlled language: Present possible continuation of query based on grammar

[Glnseng] Ask a question: guestion. iestion: on:
what is th| is the h| the he height of m t of mount | f mount m f mount ma
the hamilton Iheight ‘ magazine curwood mansfield mansfield
there hammuonu helera rHdruun davis rdrey rnarey
Enter tel oanuff TtExt 0 hampton [ /=Xt O SE or select frg. iy P et from popL e from popl, . kin ey from pop=upmETL.
harney rmdund frissell rnitchell =
@ @ harrisburg ® @ mekiniey @ greylock @ @
hartford mississippl hood
harvard maount katahdin
hawal mansfisld
LBV VTET S, | mard
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Example: PowerAqua (Open University, UK

Hello Guest! | () Login|Register

a\,'P

CL:;"* WG

EXAMPLES ASK ANOTHER QUESTION

View a list of example queries and o _—
fopics. Which islands belong to Spain?

-

%3 Make use of WATSON [

SOURCES =] LINGUISTIC TRIPLES  =subject, relation, object> =

Query-Triples: < islands , belong , Spain = , Category: WWH_GEMNERICTERM

1 hitp:/idbpedia.org: "belong” &
facts | "Spain” @ facts | "islands™ 2

facts | Relevant Facts
kmi-

webl3.open.ac.uk:8890#http-//dbpedia.org

Sort by: Alphabet / Confidence / Popularity / WordHet Synset / Combined
We found 11 answers in total from 3 ontologies

Z ncioncology: "belong™ 1 facts |

Spain™ 1 facts | “islands™ 11 facts Baleariclslands H Hide SCOre:
| P {Balearll:lsli:lndgj Balearic Islands IS_A Spain country e
hitp: el travel_destinations (Balearic_Islands (Spain_country
webl7.open.ac.uk:3080/sesame/ncicncology ontology_ad_hoc ) equivalentMatching ) |-
Balearic Islands IS_A Island (Island synomyim )

3 travel_destinations: "belong” 1 [Elalearic_lslancls_
facts [ "Spain” 1 facts | islands™ 1 ontology_ad_toc )
facts |
http:/ikomi-

Canamlslands : .
webl7 open.ac. uk:8080/sesameltravel destin {Canar;rlslands] Explain ECUFE.

travel_destinations

R PR R - J S |
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Example: Querix (Uni Zurich)

'/ Querix - A Natural Language Interface to Semantic Web Data /o3
QUERIX
Please, write your question:  [\nat is me biggest state in e LS? Please choose the domain of your Guestior
Please start your sentence wi... —_— -
Which, What, How many, How much, Give me, Does_. [ . 54
Geograpy =l
Submit Question
Answer: State! staloAren2 |
alaska 1591000 |
1=/ AskBox E
Please, select the imended meaning:
= State means highest value of the property "statePopulation® |~
WHERE
| 7583161 (EEype <hitp Mot alhost S State means highest value of the property 'statePopDensity’|=
e i hd ot e State means highest value of the property 'stateArea’
R Rmiram — State means most instances of the class "LoPoint'
& State means most instances of the class "River" =
2 M| T D
Submit Ignore thi...

http://www.ifi.uzh.ch/ddis/research/talking-to-the-semantic-web/querix/
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Natural Language Queries

Pros:
¢ |Intuitive to use

e No schema knowledge necessary

Cons:

e Often domain-specific

e Finding good query formulation often hard
e Result quality often poor

Semantic Knowledge Bases from Web Sources



Faceted Search

Paradigm:
e Incremental refinement of entity-level query

e Facets: common properties of many results of
(current) query with potential to reduce
number of results



Faceted Search: http://dpbedia.neofonie.de

g About Neofonie About DBpedia Imprint Help

v
a

search powered by = neofonie . )
First | Previous | Mext | Last

Sl Your Filters

I Ma Filters selected
Place (387150)
EELSUT;tg?;DPSliiZ}(293542} oﬁp E:E:::gr“::rii;ipp:ddi?Sseeaarrc;hallows users to ask complex queries against‘.“.fikipedia%&:
Seftlement (272483)

Work (246549) v - The answers to these q.uerlels are not generated using key word matching as the
Species (146002) B answers of search engines like Google or Yahoo, but are generated based on
z structured information that has been extracted from many different Wikipedia articles.

Eukaryote (143480
Orgar?irsatifm 1 342}35} Flease try the following example queries to see Faceted Wikipedia Search in action:

Musical Work (126194)
Athlete (114561)
Animal (96517)
Album (91427)

Artist (78441)

Village (60351)
Soccer Player (58897)
Film (49045)

Plant (39523)

Actor (37721)

Insect (36243)

Town (32363)
Building (316E6)
Company (311041

Rivers that flow into the Rhine and are longer than 50 kilometers

French scientists who were born in the 19th century

Skyscrapers in Hong Kong with more than 50 floors

Actors of the American TV-series Lost that were born in the United States
Endangered Primates

Albums from the Beach Boys that were released between 1880 and 1990

Initial selection of entity type
(candidates sorted by frequency)

Semantic Knowledge Bases from Web Sources



Faceted Search: http://dpbedia.neofonie.de/

-
ia

search powered by = neofonie

¥ item type

Person (308497)
Athlete (114561)
Artist (78441)

maore
¥ position

Midfielder (14011)
Defender (11789)
Striker (9010}

maore

¥ bornin

England (11138)
United States (3791)
Scotland (2954)

mare

¥ active from year

Possible refinements (,,facets”):
propert-value pairs

About Neofonie About DBpedia Imprint Help

First | Previous | Mext | Last

Your Filters Reset Filters

Liemue ren:] <mmmm cUrrent query

George W. Bush i
George Walker Bush (born July 6, 1948) served as the 43rd President of the United
States from 2001 to 2009 and the 46th Governor of Texas from 19985 to 2000. Bush is
the eldest son of President George H. W. Bush, who served as the 415t President,
and Barbara Bush, making him one of only two American presidents to be the son of a
preceding president. After graduating from Yale University in 1968, and Harvard
Business School in 1875, Bush worked in his family's oil businesses.

Best results for
} current query

Carl Linnaeus Sir

Carl Linnaeus (Latinized as Carolus Linnaeus, also known after his ennoblement as,

23 May 1707 — 10 January 1778) was a Swedish botanist, physician, and zoologist,

who laid the foundations for the modern scheme of binomial nomenclature. He is

known as the father of modern taxonomy, and is also considered one of the fathers of

modern ecology. Linnaeus was born in the countryside of Smaland, in southern J

Current SPARQL query:

SELECT ?x WHERE
{?x isA Person.}
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Faceted Search: http://dpbedia.neofonie.de/

v
ia

search powered by = neofonie

First | Previous | Mext | Last

¥ item type F
Your Filters Reset Filters

Person (308497) M L - cu rre nt q u e ry

Athlete (114561) \
Artist (78441) George W. Bush e

Soccer Player (58897) George Walker Bush (born July 6, 1946) served as the 43rd President of the United

Actor (37721)

States from 2001 to 2009 and the 46th Governor of Texas from 19985 to 2000. Bush is
the eldest son of President George H. W. Bush, who served as the 415t President,
and Barbara Bush, making him one of only two American presidents to be the son of a
preceding president. After graduating from Yale University in 1968, and Harvard
Business School in 1875, Bush worked in his family's oil businesses.

Musical Arist (25579)

Puolitician (19226)

Office Holder (16483)

Gridiron Football Player (15231)
Military Person (13432)
Baseball Player (11136)
American Football Player (8937)

Best results for
} current query

lce Hockey Player (8302)
Cricketer (6082)

Cleric (5351)

British Royalty (4084)
Member Of Parliament (3939)
College Coach (3494)

Rugby Player (3022)

Carl Linnaeus Sir
Carl Linnaeus (Latinized as Carolus Linnaeus, also known after his ennoblement as,
23 May 1707 — 10 January 1778) was a Swedish botanist, physician, and zoologist,
who laid the foundations for the modern scheme of binomial nomenclature. He is
known as the father of modern taxonomy, and is also considered one of the fathers of

modern ecology. Linnaeus was born in the countryside of Smaland, in southern J

Current SPARQL query:

SELECT ?x WHERE
{?x isA Person.}
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Faceted Search: http://dpbedia.neofonie.de/

- Y

B Search
search powered by = neofonie
First | Previous | Mext | Last
¥ item type .
| Your Filters Reset Filters
item type Ferson item type Scientist

Ferson (8455)

Scientist (8465)

¥ nationality Carl Linnaeus =

Carl Linnaeus (Latinized as Carolus Linnaeus, also known after his ennoblement as,
23 May 1707 — 10 January 1778) was a Swedish botanist, physician, and zoologist,
who laid the foundations for the modern scheme of binomial nomenclature. He is
known as the father of modern taxonomy, and is also considered cne of the fathers of
modern ecology. Linnaeus was born in the countryside of Smaland, in southern

United States (1401)
q Germany (485)
Linited Kingdom (421)

more Sweden.
¥ bornin
|
New York City (137)
London (117) Albert Einstein ab
Berlin (77) Albert Einstein (14 March 187918 April 1955) was a German-born Swiss-American
more theoretical physicist, philosopher and author who is widely regarded as one of the
v died in most influential and best known scientists and intellectuals of all time. He is often
regarded as the father of modern physics. He received the 1821 Nobel Prize in
| Physics "for his senvices to Theoretical Physics, and especially for his discovery of the
] law of the photoelectric effect.
Paris (110)
London (85)
Berlin (76)
more

Current SPARQL query:

SELECT ?x WHERE
{?x isA Person. ?x isA Scientist.}
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Faceted Search: http://dpbedia.neofonie.de/

3 About Neofonie About DBpedia Imprint Help
v L]
DBpedia

search powered by = neofonie

First | Previous | Mext | Last

¥ item type

YourFilters  pecet Fiters TR

item type Person* item type Scientist® nationality Germanyx
Person (485)

Scientist (485)

* nationality Carl Friedrich Gauss ab
Johann Carl Friedrich Gauss (30 April 1777 — 23 February 1855) was a German
mathematician and scientist who contributed significantly to many fields, including

Germany (485) number theory, statistics, analysis, differential geometry, geodesy, geophysics,
United States (1) electrostatics, astronomy and optics.
¥ died in
G
Bl Gattingen (24)
G Germany (9)
M Gammenringen (1)
Gielken (1)

— Johann Friedrich Gmelin a2
Johann Friedrich Gmelin (August 8, 1748 — November 1, 1804) was a German

| naturalist, botanist, entomologist and malacologist.

Berlin (36)
Hamburg (20

Munich (13)
maore

¥ born in year

T - 3 Current SPARQL query:
- SELECT ?x WHERE

{?x isA Person. ?x isA Scientist.
hasNationality German.}
com pletion Semantic Knowledge Bases from Web Sources 247

Textual facet values with




Faceted Search: http://dpbedia.neofonie.de/

-
ia

search powered by = neofonie

¥ item type

FPersan (485)
Scientist (485)

¥ nationality

Germany (485)
United States (1)

¥ diedin

Berlin (48)
Gottingen (24)
Munich (21)

¥ bornin

|Ki

mare

Kiev (1)

Marmorr =7

¥ born in year year

mare

About Neofonie About DBpedia Imprint Help

First | Previous | Mext | Last

Your Filters ...t Fiters»

item type Personx

item type Scientist® nationality Germany

{e

Carl Friedrich Gauss

Johann Carl Friedrich Gauss (30 April 1777 — 23 February 1855) was a German
mathematician and scientist who contributed significantly to many fields, including
number theory, statistics, analysis, differential geometry, geodesy, geophysics,
electrostatics, astronomy and optics.

Johann Friedrich Gmelin a2
Johann Friedrich Gmelin (August 8, 1748 — November 1, 1804) was a German
naturalist, botanist, entomologist and malacologist.

Current SPARQL query:
SELECT ?x WHERE

{?x isA Person. ?x isA Scientist.
hasNationality German.}
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Faceted Search: http://dpbedia.neofonie.de/

V -
B Search

search powered by = neofonie

First | Previous | Mext | Last

¥ item type .
| Your Filters Reset Filters
item type Person item type Scientist nationality Germany’ bornin Kiel

FPerson (2)

Scientist (2)

* nationality Max Planck Q,a";
Max Planck (April 23, 1858 — October 4, 1947) was a German physicist He is

I considered to be the founder of the quantum theory, and thus one of the most

Germany (2) important physicists of the twentieth century. Planck was awarded the Mobel Prize in
Physics in 1918,

* bornin

Kiel (2}

» diedin

Starnberg (1)
Gattingen (1)
Carl Friedrich von Weizsacker %3’1
Carl Friedrich Freiherr van Weizsacker (June 28, 1912 — 28 April 2007) was a German
physicist and philosopher. He was the longest-living member of the research team
which performed nuclear research in Germany during the Second World War, under
Werner Heisenberg's leadership. There is ongoing debate as to whether he, and the

¥ born in year year

|
| | =l

1912 (1) other members of the team, actually willingly pursued the developrment of a nuclear
1858 (1) bomb for Germany during this time.
» died n year Current SPARQL query:

SELECT ?x WHERE

{?x isA Person. ?x isA Scientist.
hasNationality German. bornlin Kiel.}
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Faceted Search

Pros:

e |ntuitive to use

e No schema knowledge necessary

e Quickly leads to results

Cons:

e Only few facets visible at each step

e Required facets sometimes not shown

e Limited to properties of entities, cannot create
gueries with more than one variable
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AutoSPARQL: Learning Queries from Examples

e Goal: Generate SPARQL query from few positive and

negative examples for results New positive or
negative example

results |not ok

Keyword Select positive Build/refine Show

search example SPARQL query results

e Build query tree from data graph around each example,
find minimal subsuming subquery:

Marie_Curie .
R
‘9& ‘9& ‘9& (<\> 6&&
@ @ @ N 4,
%
K|eI Nobel Prize UIm Nobel Prize Warsaw Nobel_Prize ?Y,<> Nobel_Prize
Q/‘
&
Germany Germany Poland Germany

http://autosparql.dl-learner.org/ F¥ilete) = \={e]N
[Lehmann & Bihmann, ESWC2011]

Queries made Easy
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Active Learning from Examples

Pros:

e Very easy to use, query refinement ,,on the fly“

e No schema knowledge necessary

e Quickly leads to results

Cons:

e Can require many steps until good query is found
e Limited to entity-centric queries

Semantic Knowledge Bases from Web Sources



Visual Query Formulation

Paradigm:
Incremental construction of query by adding
and refining constraints in a graphical interface
Example Systems:
e {SPARQL, http://dbpedia.org/isparql/
e Nitelight [Russell and Smart, ISWC 2008]
e Konduit [Moller et al., ISWC 2008]
e DSpace [Koutsomitropoulos et al., ESWC 2011]

Common features:

point&click, easy access to relations and
schema (lists, auto-completion)



iISPARQL, http://dbpedia.org/isparql/

|QBE | |Advanced| |Results |

J@HBHEq_z% | 6 | QG‘J | |mn Data Source (URL): |

+

W Optional
Res Type: |foaf:maker
,?oe [T Crder By
mqﬂum [T *isible
9 P
® ...
: TT e foafmaker y

S bound

¥
= unbound £
sioc:cohtainer_of E::gsiuc:

B3 Clagzes
=3 Properties

,.; =& sioct:
sioc log Ell%?laflasses

m 3 Classes

H 3 Properties
| order by || |http:f,a‘xm|ns.com,f‘foaf,f’ﬂ.1,-’ hd
Irnport Rermowe |
y
Cuery options i
ry op P
¥ Distinct | Type: I SELECT 'I | Result size limit: IEEI FOWYS Leave emply for server maximum setting.
= S e iun )
EN T ETE AL
Bookmarklet - drag this link to wour browser's bookmark bar: iSPAROL iSPARCL Copwright E 2006-2011 Openlink Software

SCITIUIIUIC IMITU W ICU RS DUJCT 1Tl Ve JUUl Coo




iISPARQL, http://dbpedia.org/isparql/

|QEIE| |Advanced| |Resu|ts|

EME O At

Graph | [Named Graphs (1]

Clear |

SPARGL Guery —Recent Queries — j |— Frefixes — j |—Temp|ate - j |— Statement Help — j L

PREFIX sioc: <htop://rdfs.orgfsioc/ nag>
PREFIX sioct: <http://rdfs.orgfsioc/typesfs
PREFIX foaf: <http:/ /xmwln=s.com/foaf/0.1/>
JELECT DI3ZTINCT ?nick, ?*fnames, *posSt
WHERE
{

?forum a sioct:Webhlog

?forum sioc:container of ?post.

optional{ ?post foaf:mwaker “maker }.

optional{ *maker foaf:nick *nick

optional{ ?mwaker foaf:namwe ?fnsme }

) o
—iueny options
Result size limit; IED FOWeS Leawve emphy for server ma<imum setting.

P O BT e

e E L

Bookmarklet - drag this link to wour browser's bookmark bar: (SEARQL

iSPARCL Copyright @ 2006-2011 Openlink Softwars




Visual Query Formulation

Pros:
e Full expressiveness of SPARQL
e Schema knowledge provided by the system

e |eads to very precise queries
Cons:

e Not useful for non-expert users
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Which interface is best (for casual users)?

Comparative study 1: [Tran et al., ESWC 2010]

e Not much difference for entity queries

e Faceted Search not very useful when searching for an
attribute of an entity

e Users liked Active Learning most

Comparative study 2: [Kaufmann and
Bernstein, ISWC 2007]

e Full natural language questions most popular

e Visual Query Builder: fewest steps, longest time, highest
failure rate

Semantic Knowledge Bases from Web Sources



Outline for Part IV

* Querying Knowledge Bases v
* Searching and Ranking Entities v/

* Searching and Ranking Facts v
* Advanced Query Interfaces v



Open Problems and Challenges — Part IV

e Unified ranking for queries with keywords
and structure
e User Interfaces for non-experts
e Support to formulate structured queries
e General-purpose NLP systems
e Output of complex results beyond entities



Readings for Part IV

Part IV.1:

SPARQL Query Language for RDF, W3C Recommendation, 15 January 2008, http://www.w3.org/TR/2008/REC-rdf-sparqgl-query-20080115/

SPARQL New Features and Rationale, W3C Working Draft, 2 July 2009, http://www.w3.0rg/TR/2009/WD-sparql-features-20090702/

SPARQL 1.1 Query Language, W3C Working Draft, 12 May 2011, http://www.w3.0org/TR/2011/WD-sparqgl11-query-20110512/

SPARQL 1.1 Federation Extensions, W3C Working Draft, 1 June 2010, http://www.w3.org/TR/2010/WD-sparql11-federated-query-20100601/

Kemafor Anyanwu, Angela Maduko, Amit P. Sheth: SPARQ2L: towards support for subgraph extraction queries in RDF databases. WWW Conference, 2007
Gaurav Bhalotia, Arvind Hulgeri, Charuta Nakhe, Soumen Chakrabarti, S. Sudarshan: Keyword Searching and Browsing in Databases using BANKS. ICDE, 2002
Gjergji Kasneci, Fabian M. Suchanek, Georgiana Ifrim, Maya Ramanath, Gerhard Weikum: NAGA: Searching and Ranking Knowledge. ICDE, 2008

Thomas Neumann, Gerhard Weikum: The RDF-3X engine for scalable management of RDF data. VLDB Journal 19(1), 2010

Nicoleta Preda, Gjergji Kasneci, Fabian M. Suchanek, Thomas Neumann, Wenjun Yuan, Gerhard Weikum: Active knowledge: dynamically enriching RDF knowledge bases
by web services. SIGMOD Conference, 2010

Part IV.2:

Sergey Brin, Lawrence Page: The Anatomy of a Large-Scale Hypertextual Web Search Engine. Computer Networks 30(1-7), 1998
Andrey Balmin, Vagelis Hristidis, Yannis Papakonstantinou: ObjectRank: Authority-Based Keyword Search in Databases. VLDB, 2004
Soumen Chakrabarti: Dynamic personalized pagerank in entity-relation graphs. WWW Conference, 2007

Thomas Franz, Antje Schulz, Sergej Sizov, Steffen Staab: TripleRank: Ranking Semantic Web Data by Tensor Decomposition. ISWC, 2009
Tao Cheng, Xifeng Yan , Kevin Chen-Chuan Chang: EntityRank: searching entities directly and holistically. VLDB, 2007

Krisztian Balog, Edgar Meij, Maarten de Rijke: Entity Search: Building Bridges between Two Worlds. WWW, 2010

Zaiqing Nie, Yunxiao Ma, Shuming Shi, Ji-Rong Wen, Wei-Ying Ma: Web object retrieval. WWW Conference, 2007

Desislava Petkova, W. Bruce Croft: Hierarchical Language Models for Expert Finding in Enterprise Corpora. ICTAI, 2006

Pavel Serdyukov, Djoerd Hiemstra: Modeling Documents as Mixtures of Persons for Expert Finding. ECIR, 2008

ChengXiang Zhai: Statistical Language Models for Information Retrieval. Morgan & Claypool Publishers, 2008

Djoerd Hiemstra: Language Models. Encyclopedia of Database Systems, 2009

PartIV.3:

Shady Elbassuoni, Maya Ramanath, Ralf Schenkel, Marcin Sydow, Gerhard Weikum: Language-model-based ranking for queries on RDF-graphs. CIKM, 2009
Shady Elbassuoni, Maya Ramanath, Gerhard Weikum: Query Relaxation for Entity-Relationship Search. ESWC, 2011

Vagelis Hristidis, Heasoo Hwang, Yannis Papakonstantinou: Authority-based keyword search in databases. ACM Transactions on Database Systems 33(1), 2008
Gjergji Kasneci, Maya Ramanath, Mauro Sozio, Fabian M. Suchanek, Gerhard Weikum: STAR: Steiner-Tree Approximation in Relationship Graphs. ICDE, 2009
Alexandra Poulovassilis and Peter T. Wood: Combining Approximation and Relaxation in Semantic Web Path Queries. ISWC, 2010

PartIV.4:

Esther Kaufmann, Abraham Bernstein, Lorenz Fischer: NLP-Reduce: A "naive" but Domain-independent Natural Language Interface for Querying Ontologies. ESWC, 2007
Knud Moller, Oszkar Ambrus, Laura Josan, Siegfried Handschuh: A Visual Interface for Building SPARQL Queries in Konduit. ISWC, 2008

Alistair Russell, Paul R. Smart: NITELIGHT: A Graphical Editor for SPARQL Queries. ISWC, 2008

Jens Lehmann and Lorenz Bihmann: AutoSPARQL: Let Users Query Your Knowledge Base. ESWC, 2011

Thanh Tran, Haofen Wang, Sebastian Rudolph, Philipp Cimiano: Top-k Exploration of Query Candidates for Efficient Keyword Search on Graph-Shaped (RDF) Data. ICDE,
2009.

Esther Kaufmann, Abraham Bernstein: How useful are natural language interfaces to the Semantic Web for casual end-users? ESWC, 2007
Thanh Tran, Tobias MathaR, Peter Haase: Usability of Keyword-Drive Schema-Agnostic Search. ESWC, 2010
Gideon Zenz et al.: From keywords to semantic queries - Incremental query construction on the semantic web. Journal Web Semantics 7(3),2009



Outline for Part V

URIs & Dereferenceable URIs
Shared Vocabularies

Linked Data

The Semantic Web and the Web



There’s not only DBpedia & YAGO

DBpedia
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URIs

Goal: Identify entities uniquely, worldwide
The same entity can have multiple identifiers,
but the same identifier shall always mean the same entity.

Elvis Presley

[W3C, URI, 2004]



URL-like URIs

A Uniform Resource Identifier (URI) is a string of characters
used to identify a name or a resource on the Internet

URIs can be like URLs

http://imitators.org/Elvis/FG17

http://onto.com/people/singers/EP



http://imitators.org/Elvis/FG17
http://elvis.org/me
http://onto.com/people/singers/EP

URL-like URIs

Age
http://elvis.org/me |dentifies the person,
not Internet-accessible 76
http://elvis.org/index.html| Identifies a file, 5

Internet-accessible


http://elvis.org/me
http://elvis.org/index.html

URL-like URIs

http:/‘/imitators.or,c%/EIvis/FG17'

Y |
World-wide unique in the responsibility = There should be no
mapping to domain  of the domain owner  URI with two meanings

owner

—> People can invent all kinds of URIs

e a3 company can create URIs to identify its products

® an organization can assigh sub-domains
and each sub-domain can define URIs

e individual people can create URIs from their homepage

e people can create URIs from any URL for which they have
exclusive rights to create URIs


http://imitators.org/Elvis/FG17

Triples with URIs

Every entity name and relation name is expressed by a URI:

won

Elvis Presley Grammy Award

http://elvis.org/himself http://inria.fr/rdf/dtattwon http://g-a.com/prize

=> Facts become triples of URIs


http://elvis.org/himself
http://inria.fr/rdf/won
http://g-a.com/prize
http://g-a.com/prize
http://g-a.com/prize

Namespace Prefixes

A namespace prefix is an abbreviation for the prefix of a URI.

@prefix elvis: http://elvis.org/
@prefix inria: http://inria.fr/rdf/dta#
@prefix grammy: http://g-a.com/

http://elvis.org/himself http://inria.fr/rdf/dtattwon http://g-a.com/prize

$

$ $

elvis:himself inria:won grammy:prize

A URI abbreviated this way is called a qgname.


http://elvis.org/
http://inria.fr/rdf/dta
http://g-a.com/
http://g-a.com/
http://g-a.com/
http://elvis.org/himself
http://inria.fr/rdf/won
http://g-a.com/prize
http://g-a.com/prize
http://g-a.com/prize

Storing data

RDF data is usually stored on a server

The server at
http://g-a.com
stores:

Namespace
g = http://g-a.com

@prefix g: http://g-a.com
@prefix rdf: http://www.w3.org/...

rdf:type

/g:Grammy Award
g:presents

g:NatAcademy ‘

g:GrammyAward
rdf:type g:Award

g:NatAcademy
g:presents g:GrammyAward

Try this


http://g-a.com
http://g-a.com
http://g-a.com
http://g-a.com/
http://g-a.com/
http://g-a.com/
http://www.w3.org/
http://g-a.com/
http://g-a.com/
http://g-a.com/
http://uniat5401.ag5.mpi-sb.mpg.de:8180/webyago/html/graphViewer.html?entity=Elvis_Presley&n=5

Cool URIs

A URI is not necessarily dereferenceable
(i.e., it cannot be accessed online)

http://g-a.com/GrammyAward => NOT FOUND

... but it can be dereferenceable. This means that if | access
the URL, the server responds with an RDF snippet:

@prefix g: http://g-a.com
@prefix rdf: http://www.w3.0rg/1999/02/22-rdf-syntax-ns#

g:GrammyAward rdf:type g:Award
http://elvis.com/elvis g:won g:GrammyAwanrd

Try this out: rdf:type = http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type

— URIs can be “clicked” (followed)  [w3c, cool URIs, 2008]


http://g-a.com/
http://g-a.com/
http://g-a.com/
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://elvis.com/elvis
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns

Cool URIs

prefix e: http://elvis.com
@prefix rdf: http://www.w3.0rg/1999/02/22-rdf-syntax-ns#

e:elvis rdf:type e:singer
e:elvis e:born 1935

Server at http://elvis.com

@prefix g: http://g-a.com
@prefix rdf: http://www.w3.0rg/1999/02/22-rdf-syntax-ns#

g:GrammyAward rdf:type g:Award
ttp://elvis.com/elvis g:won g:GrammyAward

Server at http://g-a.com

—> The RDF graph becomes traversable



http://g-a.com/
http://g-a.com/
http://g-a.com/
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://elvis.com/elvis
http://elvis.com/
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://g-a.com/
http://g-a.com/
http://g-a.com/
http://elvis.com/

We’'re all one Graph

If two RDF graphs share one node, they are actually 1 graph.

Namespace Namespace
g = http://g-a.com e = http://example.org

‘ g:Prize ‘ e:singer

rdf:type

‘g:Grammy Award |<

A machine can follow the links and retrieve more information in
the neighboring ontology.


http://example.org
http://g-a.com
http://g-a.com
http://g-a.com
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Standard Vocabulary

A number of standard vocabularies have evolved

rdf:  The basic RDF vocabulary
http://www.w3.0rg/1999/02/22-rdf-syntax-ns#

rdfs: RDF Schema vocabulary
http://www.w3.0rg/1999/02/22-rdf-syntax-ns#

Standard vocabulary provided by the W3C:
* type,

e subclassOf,

e Property,

e Class

e |abel


http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns
http://www.w3.org/1999/02/22-rdf-syntax-ns

Dublin Core

dc:  Dublin Core (predicates for describing documents)
http://purl.org/dc/elements/1.1/

“This is the entire life of..”

“Text” \
dC.' Type

‘ Fabian |<9Lc:Creator

http://elvis.org/bio.html

dc:Description

dc:Title

“A biography of Elvis”



http://purl.org/dc/elements/1.1/
http://elvis.org/bio.html

Creative Commons

cc: Creative Commons (types of licences)
http://creativecommons.org/ns#

‘cc:Work‘

‘cc:Reproduction ‘

cc:permits

cc:license

cc:AttributionUrl

‘ http://fabian.org

Try this

Creative Commons defines very popular licenses, notably

e CC-BY: Free for reuse, just give credit to the author

e CC-BY-NC: Free for reuse, give credit, non-commercial use only

e CC-BY-ND: Free for reuse, give credit, do not create derivative works


http://creativecommons.org/ns
http://fabian.org
http://www.google.com/images?as_q=Elvis+Presley&hl=en&biw=1251&bih=670&gbv=2&btnG=Google+Search&as_epq=&as_oq=&as_eq=&as_sitesearch=&safe=images&as_st=y&tbs=isch:1,iur:f

Schema.org

schema: Defined by Microsoft + Google + Yahoo

A person (alive, dead, undead, or fictional).

Property

Expected Type

Properties from Thing

description
image
name

url

Properties from Person

address

affiliation

alumniOf

awards

birthDate

for ,,everything on the Web*“, http://schema.org

Description

A short description of the tem.
URL of an image of the item.
The name of the item.

URL of the item.

Physical address of the item.

An organization that this person is affiliated with. For example,
An educational organizations that the person is an alumni of.
Awards won by this person or for this creative work.

Date of birth.


http://schema.org/
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Linked Data Problem

Many ontologies talk about the same entity with different URIs.

‘singer‘

T

rdf:type

DBpedia
Elvisopedia (http://dbpedia.org/)

(http://elvisopedia.org/ )

This is bad, because we cannot join the information.


http://dbpedia.org/
http://elvisopedia.org/

Linked Data Solution

OWL provides vocabulary to link equivalent entities

‘singer‘

T

DBpedia
Elvisopedia (http://dbpedia.org/)
(http://elvisopedia.org/)

http://elvisopedia.org/Elvis owl:sameAs http://dpbedia.org/Elvis



http://dbpedia.org/
http://elvisopedia.org/
http://elvisopedia.org/Elvis
http://dpbedia.org/Elvis

The Linking Data Project

The Linking Open Data Project aims to interlink all open RDF data
sources into one gigantic RDF graph (link).

3{ UNKINGOPENDATA

[Bizer, JSWIS 2009]


http://esw.w3.org/SweoIG/TaskForces/CommunityProjects/LinkingOpenData

The Linked Data Cloud
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Currently (20
e 200 ontologies

e 25 billion triples
e 400m links http://richard.cyganiak.de/2007/10/lod/imagemap.html

As of Septemper 2010 @D @



http://richard.cyganiak.de/2007/10/lod/imagemap.html

Existing Ontologies

The existing ontologies in the Linked Data Cloud include
( http://www4.wiwiss.fu-berlin.de/lodcloud/ )

e US census data

e BBC music database

e Gene ontologies

e DBpedia general knowledge, + YAGO, + Cyc etc.
e UK government data

e geographical data in abundance

e national library catalogs (USA, Germany etc.)

e publications (DBLP)

e commercial products

e all Pokemons

e ...and many more



http://www4.wiwiss.fu-berlin.de/lodcloud/
http://www4.wiwiss.fu-berlin.de/lodcloud/
http://www4.wiwiss.fu-berlin.de/lodcloud/
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And the rest of the Web?

Gerhard Weikum

Max-Planck-Institut far Informatik

Department 5: Databases and In
Building E1.4, Room 402

Nikon - Coolpix 12.1-Megapixel Digital Camera

Campus E1.4
66123 Saarbriicken - Black
Germany Model: L110 Black | SKU: 9758692

15x oplical/dx digital zoom; 3" HVGA TFT-LCD display;
Hybrid VR image stabilization; PictBridge compatible

Email: Get my email address vig
Phone: +49 681 9325 500
Fax: +49 681 9325 599

4.3 of 5 (102 reviews)

Check Shipping & Availability »

Le 13 juillet place de la Bastille
Le 13 juillet, plus de 15 artistes d'exception vous attendent a partir de 20h30,
place de la Bastille. (transmis en direct sur France 0O). 2

La Mairie de Paris en
partenariat avec France
Télévisions et Electron Libre,
présente le

Concert de la diversité.

Ce concert gratuit, placé
sous le signe de I'éclectisme,
du divertissement et du
partage,




Microdata

Microdata is a W3C standard to annotate HTML 5 pages with RDF data.

<div>

Martin Thunderbird<br>
Researcher in Rock’N’Roll Music of 1935-1977<br>
3764 Presley Boulevard<br>
Memphis, Tennessee
</div>



Creating an Entity

Makes the red box

an entity The type of this entity

is “Person”

\ \/

N . v
<div itemscope itemtype="http://schema.org/Person”>

Martin Thunderbird<br>
Researcher in Rock’N’Roll Music of 1935-1977<br>
3764 Presley Boulevard<br>
Memphis, Tennessee
</div>

‘ Person ‘

rdf:type




Naming an Entity

Specifies the URI of the entity. This means we can talk about any
entity in the Web of Linked Data!
| —

<div |te§\/:ope itemtype=http: //schen/ /oﬁ/Person
itemid= http://martin. thunderbird. org/me >

Martin Thunderbird<br>
Researcher in Rock’N’Roll Music of 1935-1977<br>
3764 Presley Boulevard<br>
Memphis, Tennessee
</div>

Person

rdf:type

‘ http://martin...



http://schema.org/Person
http://martin.thunderbird.org/me

ltem Properties

Statements are constructed Text becomes a string
with “itemprop=" node in RDF

N\ \ /

<div iten. ppe itemtype=http://schema.o\ /erson
itemiv F http://martin.thunderbird.oré\Ae >
<span itemprop=“name”>Martin Thunderird</span><br>
Researcher in Rock’N’Roll Music of 1935-1977<br>
3764 Presley Boulevard<br>
Memphis, Tennessee
</div>

Person
rdf:type

name
‘ http://martin... I “Martin Thunderbird”



http://schema.org/Person
http://martin.thunderbird.org/me

Item Properties with URIs

Links given by “itemprop” + “href”
become a URI node in RDF

|/

<div itemscope itemtype=http: /ﬁwa.org/Person
itemid= http://martin.th:_/ /E)ird.org/me >

My only friend is
<a itemprop="friend” href= http://bob-miller.org/me >
Bob Miller</a>

</div>

Person
rdf:type

I friend
‘http://martin... | >|http://bob—miller.org/me ‘



http://bob-miller.org/me
http://bob-miller.org/me
http://bob-miller.org/me
http://schema.org/Person
http://martin.thunderbird.org/me
http://bob-miller.org/me
http://bob-miller.org/me
http://bob-miller.org/me

Inner Nodes

“itemprop” creates a link between itemscope + itemtype
the outer node and the inner creates a new node

L /

<div it pe itemtype=http://schen/ /(g/Person
iten. = http://martin.thunderl%///org/me >

<span itemprop="address” itemscope itemtype=http://.../Address>

</span>
</div>
Person Address
rdf:type rdf:type

| address
I

‘ http://martin...



http://schema.org/Person
http://martin.thunderbird.org/me
http://address/

Inner Nodes

<div itemscope itemtype=http://schema.org/Person
itemref= http://martin.thunderbird.org/me >

<span itemprop="address” itemscope itemtype=http://.../Address>
<span itemprop="“locality”>Memphis</span>

</span>
</div>
Person ‘ Address ‘ “Memphis”
rdf:type :
rdf:type locality

| address
I

‘ http://martin...



http://schema.org/Person
http://martin.thunderbird.org/me
http://address/

Microdata Summary

Microdata is a W3C standard to annotate HTML 5 pages with RDF data.

Advantages:
e Grass root appeal
(everybody can start annotating pages)
e No data duplication
(all data in one file)
e Publisher independence
(everybody can use his own attributes)

[W3C Microdata 2011]



www.imdb.com/title/tt0268978/ i
<html>

<meta itemprop=‘type’ content="movie' />
<meta itemprop ='app_id' content=123"' />

</"f'1tm|> roLike [ 4,352 people like this.

\\\\\\\\\\\\\:l | ogprType

Beautiful

ogp:siteName '
mind —>{IMDb

4

RDF data following the Open Graph Protocol is often embedded in
HTML pages, thus allowing the Facebook LIKE button to work.


http://creativecommons.org/ns
http://www.imdb.com/title/tt0268978/

Search Engines & Annotated HTML

Google, Microsoft and Yahoo have agreed (!) on a common schema
(http://schema.org ).

It allows annotating HTML pages with meta-information that will show
up in “rich snippets”.

Nikon D3100 review - Digital Camera reviews -
frdrdrdrdr Heview by Gavin Stoker - Jan 10, 2011

10 Jan 2011 ... Following its release, Nikon proudly clair
digital SLR in Europe. lts successor therefore, the D3100,
www_trustedreviews_com » Digital Cameras - Cached

Try it out

Schema.org is for the description of people, places,
institutions, movies, documents, etc...


http://schema.org/
http://www.cnet.com.au/sony-cyber-shot-dsc-tx10-339308239.htm
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Summary

In this tutorial, we have explained:

* how a knowledge base is organized

* which knowledge bases are publicly available

 how we can automatically construct knowledge bases
 how we can query a knowledge base and rank the results
* how we can deal with inter-linked knowledge bases

We discussed:

* fundamental models & methods

* state-of-the-art techniques

* open problems & research challenges



Spectrum of Machine Knowledge (1)

factual:
bornin (GretaGarbo, Stockholm), hasWon (GretaGarbo, AcademyAward),
playedRole (GretaGarbo, MataHari), livedIn (GretaGarbo, Klosters)

taxonomic (ontology):
instanceOf (GretaGarbo, actress), subclassOf (actress, artist)

lexical (terminology):
means (“Big Apple“, NewYorkCity), means (“Apple“, AppleComputerCorp)
means (“MS“, Microsoft) , means (“MS*“, MultipleSclerosis)

multi-lingual:

meansInChinese (, 5T X2 E“, K2), meansinUrdu (,, “ K2)
meansinFrench (,,école”, school (institution)),
meansinFrench (,,banc“, school (of fish))



Multilingual Lexical Knowledge

WordNet in ca. 50 languages, only English is big
several 1000 languages spoken/written in this world

* UWN (de Melo: CIKM‘09): 800 000 words, 200 languages, 120 000 senses
* PanDictionary (Mausam: AAAI‘10): 10 Mio. words, 1000 languages, 80 000 senses
* WikiNet (Nastase: LREC‘10): 3 Mio. concepts, 100 languages
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-
f
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w

ind: “sekolah™ —  ces: “hejno”
ol school -
roup of fish '
jpn: “HEEET (group ) s |—deu: “Fischschwarm"
>
' hool [
. o schoo! o
kat: “b3mema (institution) — fra: “banc
A e
B 'a
kor: “ & m” = —deu: “Schulgebaude”
) school
- (building) -
lao: ‘isysyu”  — — deu: “"Schulhaus”

w

w

o

B 0 i B e B B B e A P

fas: isia gl pos g kel sl ag B dn 53 gulis gl gl 53 L aa5 e

fag: i is

has gloss

lexicalization

has gloss fin: Koulu on paikka, jossa opetetaan ammattiing, han
ja jatkokoulutukseen varalisuuden estamatta.

lexicalization fin: koulu

lexicalization fin: Oppilarttokset

has gloss fra: Une école est un établissement permettant daco
schole (le loisir ), lequel consttuait un idéal souvent §

lexicalization fra: Ecole

lexicalization fra: Ecole/Documentation

lesicahz ation fra: école

has gloss glg: Escola ou colexio & o nome xenerico de calquera
ENSino primario.
lexicalization glg: Escolas

http://www.mpi-inf. mpd.de/yago-naga/uwn/



http://www.mpi-inf.mpg.de/yago-naga/uwn/
http://www.mpi-inf.mpg.de/yago-naga/uwn/
http://www.mpi-inf.mpg.de/yago-naga/uwn/
http://www.mpi-inf.mpg.de/yago-naga/uwn/
http://www.mpi-inf.mpg.de/yago-naga/uwn/

Knowledge from Many Languages

* Integrate entities across Wikipedia editions
* Derive taxonomic and factual knowledge

—_—

fr: Vallée 9  Valley J LanguageJ ‘ Province
:\- LN ” 5 ! ------------ - Y, :

Dialect

it: Valle —Tsol . : \
' | 0 [ it Isole
E ‘." ||ngu|st|cheJ» > ItdeLIIITtgaﬁllZ J ) i o
E en: Valleys | d'ltalia FiEi en: Province
: of ltaly 4 N [ | Dialekt of Trento
e s de:Talin de: '
: ; Italien Sprachinsel ;
ja: A A : N o DO
T4 AN TOR ' ; de: DeutscherJ Pr_?_"””?e”
P de: Tal in Dialekt |
' _Trentino-S‘L]dtirol ;. » 4

: .l' e .'q.“- J
v __ it Valle dei e . !
Mocheni de: > no:
. Fersental | Bersntol

once cleaned, multilingual links and categories yield
additional instanceOf and subclassOf facts

|Identify good edges:
min cost for dropping
equivalence evidence +
distinctness evidence
—> ILP, LP relexation,
random walks, etc.

(de Melo: CIKM‘10)



Spectrum of Machine Knowledge (2)

ephemeral (dynamic services):
wsdl:getSongs (musician ?X, song ?y), wsdl:getWeather (city?x, temp ?y)

common-sense (properties):

hasAbility (Fish, swim), hasAbility (Human, write),
hasShape (Apple, round), hasProperty (Apple, juicy),
hasMaxHeight (Human, 2.5 m)

common-sense (rules):

Vv x: human(x) = male(x) v female(x)

Vv x: (male(x) = — female(x)) A (female(x) ) = — male(x))

Vv x: animal(x) = (hasLegs(x) = isEven(nhumberOfLegs(x))

temporal (fluents):
hasWon (GretaGarbo, AcademyAward)@1955
marriedTo (AlbertEinstein, MilevaMaric)@[6-Jan-1903, 14-Feb-1919]



Spectrum of Machine Knowledge (3)

free-form (open IE):

occurs (,,Natalie Portman®, ,,celebrated for“, ,,Oscar Award®)
occurs (,,Jeff Bridges“, ,,nominated for“, ,,Oscar*)

multimodal (photos, V|deos)
StuartRussell &
JamesBruceFalls

social (opinions):
admires (maleTeen, LadyGaga), supports (AngelaMerkel, HelpForGreece)

epistemic ((un-)trusted beliefs):
believe(Ptolemy,hasCenter(world,earth)), believe(Copernicus,hasCenter(world,sun))
believe (peopleFromTexas, bornin(BarackObama,Kenya))



ImageNet: Visual WordNet

http://www.image-net.org/ [J. Deng et al.: CVPR 2009]
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http://www.image-net.org/
http://www.image-net.org/
http://www.image-net.org/

ImageNet: Visual WordNet

http://www.image-net.org/ [J. Deng et al.: CVPR 2009]
IMAGENET | SEARCH |

Not logged in. Login | Signup
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pictures Popularity Wordnet
An athlete who plays soccer e A
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NSO Treemap Visualization Images of the Synset Downloads

female, female person (58)
individualist (2)

- inhahitant, habitant, dweller, de
- coward (2)

+- contestant (72)

= agonist (0)
winner, victor (0)
starter {0)
- rival, challenger, competitor
- gualifier (0)
- pothunter {0)
- player, participant {29)
i ballplayer, haseball play
- playmaker {(0)
- pool player (0)
- scorer {(0)
- seeded player, seed (0)
- server (0)
- shooter {0)
- soccer player (0)
goalkeeper, goalie, ¢
- stringer (0)
i tennis player (2)
- mostvaluahle player, M\
- lacrosse player (0)
- hilliard player (0)
- howler (0)
- card player (2) -

es of children synsets are not included. All images shown are thumbnails. Images may be subject to copyright.

1Kl 2][3][4][s][e][7][8][2][10] - [40][41 [[next

@ 2010 Stanford Yision Lab, Stanford University, Princeton University support@image-net.org  Copyright infringement
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Photos of Entities in the Long Tail

[B. Taneva et al.. WSDM’10]

d: Notre Dame
des C chlstes

g: Barcelona

g: Natassa Ailamaki
i cathedral

{£d

g: Jim Gray

a N ° tackle amblgwty & rarlty
@ » aim for precision, recall, diversity
— exploit knowledge on entity


http://www.carte-france.info/photos/images/maxi/notredame-des-cyclistes-2.jpg
http://www.carte-france.info/photos/images/maxi/notredame-des-cyclistes.jpg

David David David David combined
Patterson Patterson Patterson Patterson method
Berkeley RISC ACM

££ 1 conclude that scientists and

the technology and writing
cautionary reports. We must
become more involved with

governments if we want to

really lessen the impact of such

disasters. Perhaps it is our

civic duty to do so. JJ

~ACM President David Patterson

from the 2005 President’s letter, "Rescuing
Our Families, Our Nesghbors, and Ourseives

(a# - exploit KB:
worksFor (DavidPatterson, Berkeley)
invented (DavidPatterson, RISC)
presidentOf (DavidPatterson, ACM)
wonAward (DavidPatterson, ...)

“« combine results by voting



http://www.nytimes.com/

KB Building: Achievements & Challenges

Entities & Classes

strong success story, some problems left:
* large taxonomies of classes with individual entities
» long tall calls for new methods
 entity disambiguation remains grand challenge

Relationships

good progress, but many challenges left:
* recall & precision by patterns & reasoning
« efficiency & scalability
» soft rules, hard constraints, richer logics, ...
« open-domain discovery of new relation types

Temporal Knowledge

widely open (fertile) research ground:
 uncertain / incomplete temporal scopes of facts
e joint reasoning on ER facts and time scopes



KB Applications: Achievements & Challenges

Search & QA
good progress on entity awareness; next challenges:
 coping with entities in the long tail
 querying relational facts for knowledge-intensive QA
« compelling Ul for QA input/output (speech, visual, ...)
« composable services (e.g. APl for Sparqgl+text+time+...)

Ranking & Recommendation
progress on statistical ranking; problems remaining:
« ranking for relational queries and QA results
 consideration of diversity, trust, provenance
e aggregation of uncertain statements

Contextualization, Disambiguation & Linkage
key to all of this, remains challenging

Broad Application Areas
Web 2.0, mobile, multimodal, digital humanities, health, biology, ...



Grand Challenge: Web-Scale KB Construction

ontological rigor

—

Names & Patterns Entities & Relations

— < ,N. Portman“,
,honored with*,
Op en- ,2Academy Award“>,
: < ,,Jeff Bridges*,
Domain & »expected to win“,
Unsuper- »Oscar® >
. < ,,Bridges®,
vised ,,nominated for*,
,2Academy Award“>
: wonAward: Person x Prize
Domain- type (Meryl_Streep, Actor)

E wonAward (Meryl_Streep,
SpeCIfIC Academy_Award)
Model -

wonAward (Natalie Portman,
w/ Seeds Academy_Award)
wonAward (Ethan_Coen,
Palme_d‘Or)

human seeding



Grand Challenge: Web-Scale KB Construction

ontological rigor

—

Names & Patterns Entities & Relations

Open-
Domain &
Unsuper-
vised

Domain-
Specific

Model

w/ Seeds

human seeding _ _ _ _ ~
— aim to integrate open-domain & domain-specific IE !



Overall Take-Home

Historic opportunity:
revive Cyc vision, make it real & large-scale !
challenging, but high pay-off

Explore & exploit synergies between
semantic, statistical, & social Web methods:
statistical evidence + logical consistency !

For DB /Al /IR / NLP / Web researchers:

« efficiency & scalability

e constraints & reasoning

* killer app for uncertain data management (prob. DB)
 search & ranking for RDF + text

e text (& speech) disambiguation

» knowledge-base life-cycle: growth & maintenance



Outline

Part | v/

— Machine Knowledge & Intelligent Applications
Part Il ¢/

— Knowledge Representation & Public Knowledge Bases
Part Il ¢/

— Extracting Knowledge

Part IV ¢/

— Ranking and Searching

PartV ¢/

— Linked Data

Part VI

— Conclusion and Outlook v/



The End

The slides are available at
http://www.mpi-inf. mpg.de/yago-naga/IJCAI11-tutorial/

Feel free to contact us with further questions

Hady Lauw Fabian M. Suchanek Gerhard Weikum
Institute for INRIA Saclay Max-Planck Institute
Infocomm Research Paris for Informatics
Singapore http:/suchanek.name Saarbriicken
http://hadylauw.com http://www.mpi-inf.mpg.de/
~weikum/

Ralf Schenkel Martin Theobald

Saarland University Max-Planck Institute

Saarbrtcken for Informatics

http://people.mmci.uni-saarland.de/ Saarbrucken

~schenkel/ http://www.mpi-inf.mpg.de/~mtb/
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