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Knowledge from the Web 

Knowledge Web 

Movie Title                   Price          Rating 

 

Inglorious Basterds        11.99            8.3 

Sherlock Holmes 2         15.99            7.5 

OSS 117: Lost in Rio        7.99            6.7 



Knowledge from the Web 

Knowledge Web 
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 Knowledge for Machines 
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KB Population from Text & Web Pages 

Knowledge for Intelligent Applications 

Opportunities & Challenges 

Conclusions 



Spectrum of Machine Knowledge 

factual:        
bornIn (SteveJobs, SanFrancisco), hasFounded (SteveJobs, Pixar), 

hasWon (SteveJobs, NationalMedalOfTechnology), livedIn (SteveJobs, PaloAlto) 

taxonomic (ontology):        
instanceOf (SteveJobs, computerArchitects), instanceOf(SteveJobs, CEOs) 

subclassOf (computerArchitects, engineers), subclassOf(CEOs, businesspeople) 

lexical (terminology):       
means (“Big Apple“, NewYorkCity), means (“Apple“, AppleComputerCorp) 

means (“MS“, Microsoft) , means (“MS“, MultipleSclerosis)  

multi-lingual:       
meansInChinese („乔戈里峰“, K2), meansInUrdu („کے ٹو“, K2) 

meansInFr („école“, school (institution)), meansInFr („banc“, school (of fish)) 

temporal (fluents):     
hasWon (SteveJobs, NationalMedalOfTechnology)@1985 

marriedTo (AlbertEinstein, MilevaMaric)@[6-Jan-1903, 14-Feb-1919] 

presidentOf (NicolasSarkozy, France)@[16-May-2007, 15-May-2012] 

 

 



 Knowledge Harvesting from Web Sources 

(Automatic) Construction of Comprehensive Knowledge Bases: 
100 Mio‘s of entities, classes, relationships, common-sense properties 

      

YAGO    

Cyc 

TextRunner/ 

ReVerb 

WikiTaxonomy/ 

WikiNet 

SUMO 

ConceptNet 5 

BabelNet 

ReadTheWeb 

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


 Knowledge for Intelligence 

Enabling technology for: 

disambiguation in written & spoken natural language 

deep reasoning (e.g. QA to win quiz game) 

machine reading (e.g. to summarize book or corpus) 

semantic search in terms of entities&relations (not keywords&pages) 

entity-level linkage for the Web of Data 

European composers who have won film music awards? 

French professors who founded Internet companies? 

Enzymes that inhibit HIV?  
Influenza drugs for teens with high blood pressure? 
... 

Politicians who are also scientists? 

Relationships between  
Alexander Pushkin, Evariste Galois, Johnny Ringo, and Hamlet? 
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The World’s First Knowledge Base 

Denis        Jean le Rond 

Diderot        d‘Alembert 
(1713-1784)    (1717-1783) 

Diderot & d‘Alembert (Eds.) 

1751-1780 

35 volumes, 4250 copies 

71818 articles, 3129 figures 

18000 pages, 20 Mio. words 

2250 contributors 



The World‘s First Knowledge Base 

Denis Diderot &  

Jean le Rond d‘Alembert 

1751-1780 

35 volumes, 4250 copies 

71818 articles, 3129 figures 

18000 pages, 20 Mio. words 

2250 contributors 



Modern Knowledge Bases 
WordNet project  

(1985-now) 

George  

Miller 
Christiane 

Fellbaum 



Modern Knowledge Bases 
WordNet project  

(1985-now) 



Modern Knowledge Bases 

+  focus on classes and taxonomic structure 

  few or no instances (entities) of classes 



Knowledge Communities  

& New Opportunities  

Larry  
Sanger 

Jimmy 

Wales 



Knowledge Communities  

& New Opportunities  

Larry  
Sanger 

Jimmy 

Wales 



Automatic Knowledge Base Construction 

American billionaires 

Technology company founders 

Apple Inc. 

Deaths from cancer 

Internet pioneers 

tycoon, magnate 

entrepreneur 

pioneer, innovator ? 

YAGO               

Integrating entities & facts from Wikipedia 
with semantic classes in WordNet 

 YAGO knowledge base: 

10 Mio. entities, 350 000 classes,  
180 Mio. facts, 100 relations,  
100 languages, 2 Bio. triples, 
95% accuracy 
 

pioneer, colonist 

? 

map 300K Wikipedia categories 

onto 150K WordNet classes 



Large-Scale Universal Knowledge Bases 
Yago:  10 Mio. entities, 350 000 classes,  
  180 Mio. facts, 100 properties, 100 languages 
 high accuracy, no redundancy, limited coverage 
 http://yago-knowledge.org 

Dbpedia: 4 Mio. entities, 250 classes,  
            500 Mio. facts, 6000 properties 
             high coverage, live updates 
  http://dbpedia.org  

Freebase: 25 Mio. entities, 2000 topics,  
 100 Mio. facts, 4000 properties 
 interesting relations (e.g., romantic affairs) 
 http://freebase.com 

NELL:  300 000 entity names, 300 classes, 500 properties, 
 1 Mio. beliefs, 15 Mio. low-confidence beliefs 
 learned rules 
 http://rtw.ml.cmu.edu/rtw/ 

and more … plus Linked Data 

YAGO                       

ReadTheWeb 

http://yago-knowledge.org/
http://yago-knowledge.org/
http://yago-knowledge.org/
http://yago-knowledge.org/
http://yago-knowledge.org/
http://freebase.com/
http://rtw.ml.cmu.edu/rtw/
http://www.cmu.edu/index.shtml
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Knowledge Base Population 

 
Jim Gray was one of Harrison‘s best students 
Barbara Liskov wrote her thesis under the guidance of McCarthy 
Pierre Senellart was one of Serge‘s best students 
Serge Abiteboul was grateful to his advisor Ginsburg 
Seymour Ginsburg was influenced by Leibniz 
Seymour and his advisor Ben Dushnik never co-authored any paper  
Serge and Victor co-authored many papers  
 

 

 

 

hasAdvisor (JimGray, MikeHarrison) 
hasAdvisor (BarbaraLiskov, JohnMcCarthy)    
… 
AlmaMater (JimGray, Berkeley) 
AlmaMater (BarbaraLiskov, Stanford) 
… 

Pattern-based Gathering 

(statistical evidence) 
Constraint-aware Reasoning 

(logical consistency) 
+ 

hasAdvisor (<person>, <person>) AlmaMater (<person>, <university>) 

Jim Gray was one of Harrison‘s best students 
Barbara Liskov wrote her thesis under the guidance of McCarthy 
Pierre Senellart was one of Serge‘s best students 
Serge Abiteboul was grateful to his advisor Ginsburg 
Seymour Ginsburg was influenced by Leibniz 
Seymour and his advisor Ben Dushnik never co-authored any paper  
Serge and Victor co-authored many papers  
 



Pattern-based Gathering of Fact Candidates 
(Linguistic Patterns and Statistical Evidence) 

 
Facts Patterns 

(JimGray, MikeHarrison) 

(BarbaraLiskov, JohnMcCarthy) 

& Fact Candidates 

X and his advisor Y 

X under the guidance of Y 

X and Y in their paper 

X co-authored with Y 

X was influenced by Y 

… • good for recall 

• noisy, drifting 

• not robust enough 

  for high precision 

(Serge, Seymour) 

(Nicoleta, Ioana) 

(Pierre, Serge) 

(Nicoleta, Fabian) 

(Nicoleta, Versailles) 

(Serge, Victor) 

(Seymour, Leibniz) 

(Seymour, Schwarzenegger) 

(Victor, Serge) 



hasA(Serge, Seymour) 

hasA(Nicoleta, Ioana) 

hasA(Nicoleta, Fabian) 

hasA(Serge, Victor) 

hasA (Victor, Serge) 

hasA (Nicoleta, Versailles) 

hasA (Seymour, Leibniz) 

 

… 

ground atoms: 

Constrained Reasoning for Logical Consistency 

 Use knowledge (consistency contraints)  

for joint reasoning on hypotheses  

and pruning of false candidates 

 x, y, z: hasA(x,y)  hasA(x,z)  y=z 
 x, y: hasA(x,y)   hasA(y,x) 
 x, y, p: occurs (x, y, p)  goodPattern(p, hasA)  
                 hasA(x,y) 
 x, y, p: occurs (x, y, p)  hasA(x,y) 
                goodPattern(p, hasA) 
 x, y: hasA(x,y)  type(x)=Person 
 x, y: hasA(x,y)  type(y)=Scientist 
 x, y: hasA(x,y)  hasStudent(y,x) 
 x, y: AlmaMater(x,y)  type(y)=University 

 x,y,u: hasA(x,y)  AlmaMater(x,u)  FacultyOf (y,u) 
 x,y,s,t: hasA(x,y)  gradYear(x,s)  gradYear(y,t)  t < s  



Constrained Reasoning for Logical Consistency 

 Use knowledge (consistency contraints)  

for joint reasoning on hypotheses  

and pruning of false candidates 

Find consistent subset(s) of atoms (“possible world(s)“, “the truth“) 

 customized Weighted MaxSat solver for set of clauses 

 max a posteriori for probabilistic factor graph 

 x, y, z: hasA(x,y)  hasA(x,z)  y=z 
 x, y: hasA(x,y)   hasA(y,x) 
 x, y, p: occurs (x, y, p)  goodPattern(p, hasA)  
                 hasA(x,y) 
 x, y, p: occurs (x, y, p)  hasA(x,y) 
                goodPattern(p, hasA) 
 x, y: hasA(x,y)  type(x)=Person 
 x, y: hasA(x,y)  type(y)=Scientist 
 x, y: hasA(x,y)  studentOf(y,x) 
 x, y: AlmaMater(x,y)  type(y)=University 

 x,y,u: hasA(x,y)  AlmaMater(x,u)  FacultyOf (y,u) 
 x,y,s,t: hasA(x,y)  gradYear(x,s)  gradYear(y,t)  s < t  

hasA(Serge, Seymour) 

hasA(Nicoleta, Ioana) 

hasA(Nicoleta, Fabian) 

hasA(Serge, Victor) 

hasA (Victor, Serge) 

hasA (Nicoleta, Versailles) 

hasA (Seymour, Leibniz) 

… 

ground atoms: 



PROSPERA: Web-Scale Experiments 

• on ClueWeb‘09 corpus: 500 Mio. English Web pages 

• with Hadoop cluster of 10x16 cores and 10x48 GB memory 

• 10 seed examples, 5 counter examples  

  for each of 15 relations on sports and academia 

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

more than 100,000 facts acquired after 6 iterations 

with overall precision  90%  

and 99% precision@1000 for each of the relations 

[N. Nakashole et al.: WSDM‘11] 

http://www.mpi-inf.mpg.de/yago-naga/prospera/
http://www.mpi-inf.mpg.de/yago-naga/prospera/
http://www.mpi-inf.mpg.de/yago-naga/prospera/
http://www.mpi-inf.mpg.de/yago-naga/prospera/
http://www.mpi-inf.mpg.de/yago-naga/prospera/
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Application: Question Answering 

99 cents got me a 4-pack of Ytterlig 

coasters from this Swedish chain 

This town is known as "Sin City" & its 

downtown is "Glitter Gulch" 

William Wilkinson's "An Account of the 

Principalities of Wallachia and Moldavia" 

inspired this author's most famous novel 

As of 2010, this is the only  

former Yugoslav republic in the EU 

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

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

DeepQA Project. AI Magazine, Fall 2010. 

YAGO 

knowledge 

back-ends 

question 

classification & 

decomposition 

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


It’s about the disappearance forty years ago of  Harriet Vanger, a young  

scion of one of the wealthiest families in Sweden, and about her uncle,  

determined to know the truth  about what he believes was her murder. 

Blomkvist visits Henrik Vanger at his estate on the tiny island of Hedeby. 

The old man draws Blomkvist in by promising solid evidence against Wennerström. 

Blomkvist agrees to spend a year writing the Vanger family history as a cover for the real 

assignment: the disappearance of Vanger's niece Harriet some 40 years earlier.  Hedeby is 

home to several generations of Vangers, all part owners in Vanger Enterprises. Blomkvist 

becomes acquainted with the members of the extended Vanger family, most of whom resent 

his presence. He does, however, start a short lived affair with Cecilia, the niece of Henrik. 

After discovering that Salander has hacked into his computer, he persuades her to assist 

him with research. They eventually become lovers, but Blomkvist has trouble getting close 

to Lisbeth who treats virtually everyone she meets with hostility. Ultimately the two 

discover that Harriet's brother Martin,  CEO of Vanger Industries, is secretly a serial killer. 

A 24-year-old computer hacker sporting an assortment of tattoos and body piercings 

supports herself by doing deep background investigations for Dragan Armansky, who, in 

turn, worries that Lisbeth Salander is “the perfect victim for anyone who wished her ill."  

 

 

Application: Machine Reading 

O. Etzioni, M. Banko, M.J. Cafarella: Machine Reading, AAAI ‚06 

  
  

  
  

  
  

  

  

  

  

  

  

  

same 

same same 

same 
same 

same 

  

  

  
  

  
  

  

same 

uncleOf 

  

  

owns 

hires 

    

headOf 

affairWith 

affairWith 
enemyOf 

  

uncleOf 



Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 

 

 

Named Entity Disambiguation 

D5 Overview   May 30, 2011 

Eli (bible) 

Eli Wallach 

Mentions 

(surface names) 

? 



Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 

 

 

Named Entity Disambiguation 

D5 Overview   May 30, 2011 

Sergio means  Sergio_Leone 
Sergio means  Serge_Gainsbourg 
Ennio  means  Ennio_Antonelli 
Ennio  means  Ennio_Morricone 
Eli  means  Eli_(bible) 
Eli  means  ExtremeLightInfrastructure 
Eli  means  Eli_Wallach 
Ecstasy  means  Ecstasy_(drug) 
Ecstasy  means  Ecstasy_of_Gold 
trilogy  means  Star_Wars_Trilogy 
trilogy  means  Lord_of_the_Rings 
trilogy  means  Dollars_Trilogy 
   …    …   … 

KB 

Eli (bible) 

Eli Wallach 

Mentions 

(surface names) 

Entities 

(meanings) 

Dollars Trilogy 

Lord of the Rings 

Star Wars Trilogy 

Benny Andersson 

Benny Goodman 

Ecstasy of Gold 

Ecstasy (drug) 



Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 

 

 

Mention-Entity Graph 

Dollars Trilogy 

Lord of the Rings 

Star Wars 

Ecstasy of Gold 

Ecstasy (drug) 

Eli (bible) 

Eli Wallach 

KB+Stats 

weighted undirected graph with two types of nodes 

Popularity 
(m,e): 
• freq(e|m) 

• length(e) 

• #links(e) 

Similarity  
(m,e): 
• cos/Dice/KL 

  (context(m), 

   context(e)) 

 



Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 

 

 

Mention-Entity Graph 

Dollars Trilogy 

Lord of the Rings 

Star Wars 

Ecstasy of Gold 

Ecstasy (drug) 

Eli (bible) 

Eli Wallach 

KB+Stats 

weighted undirected graph with two types of nodes 

Popularity 
(m,e): 
• freq(e|m) 

• length(e) 

• #links(e) 

Similarity  
(m,e): 
• cos/Dice/KL 

  (context(m), 

   context(e)) 

 

bag-of-words or 

language model: 

words, bigrams,  

phrases 



Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 

 

 

Mention-Entity Graph 

Dollars Trilogy 

Lord of the Rings 

Star Wars 

Ecstasy of Gold 

Ecstasy (drug) 

Eli (bible) 

Eli Wallach 

KB+Stats 

weighted undirected graph with two types of nodes 

Popularity 
(m,e): 
• freq(e|m) 

• length(e) 

• #links(e) 

Similarity  
(m,e): 
• cos/Dice/KL 

  (context(m), 

   context(e)) 

 

joint 

mapping 



Mention-Entity Graph 

34 
34 / 20 

Dollars Trilogy 

Lord of the Rings 

Star Wars 

Ecstasy of Gold 

Ecstasy(drug) 

Eli (bible) 

Eli Wallach 

KB+Stats 

weighted undirected graph with two types of nodes 

Popularity 
(m,e): 
• freq(m,e|m) 

• length(e) 

• #links(e) 

Similarity  
(m,e): 
• cos/Dice/KL 

  (context(m), 

   context(e)) 

 

Coherence  
(e,e‘): 
• dist(types) 

• overlap(links) 

• overlap  

  (anchor words) 

 

 

Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 
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KB+Stats 

weighted undirected graph with two types of nodes 

Popularity 
(m,e): 
• freq(m,e|m) 

• length(e) 

• #links(e) 

Similarity  
(m,e): 
• cos/Dice/KL 

  (context(m), 

   context(e)) 

 

Coherence  
(e,e‘): 
• dist(types) 

• overlap(links) 

• overlap  

  (anchor words) 

 

 

American Jews 
film actors 
artists 
Academy Award winners 

Metallica songs 
Ennio Morricone songs 
artifacts 
soundtrack music 

spaghetti westerns 
film trilogies 
movies 
artifacts Dollars Trilogy 

Lord of the Rings 

Star Wars 

Ecstasy of Gold 

Ecstasy (drug) 

Eli (bible) 

Eli Wallach 

Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 
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KB+Stats 

weighted undirected graph with two types of nodes 

Popularity 
(m,e): 
• freq(m,e|m) 

• length(e) 

• #links(e) 

Similarity  
(m,e): 
• cos/Dice/KL 

  (context(m), 

   context(e)) 

 

Coherence  
(e,e‘): 
• dist(types) 

• overlap(links) 

• overlap  

  (anchor words) 

 

 

http://.../wiki/Dollars_Trilogy 
http://.../wiki/The_Good,_the_Bad, _the_Ugly 
http://.../wiki/Clint_Eastwood 
http://.../wiki/Honorary_Academy_Award 
 

http://.../wiki/The_Good,_the_Bad,_the_Ugly 
http://.../wiki/Metallica 
http://.../wiki/Bellagio_(casino) 
http://.../wiki/Ennio_Morricone 
 
 
 
http://.../wiki/Sergio_Leone 
http://.../wiki/The_Good,_the_Bad,_the_Ugly 
http://.../wiki/For_a_Few_Dollars_More 
http://.../wiki/Ennio_Morricone 
 
 

Dollars Trilogy 

Lord of the Rings 

Star Wars 

Ecstasy of Gold 

Ecstasy (drug) 

Eli (bible) 

Eli Wallach 

Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 

 

 

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


Mention-Entity Graph 

37 
37 / 20 

KB+Stats Popularity 
(m,e): 
• freq(m,e|m) 

• length(e) 

• #links(e) 

Similarity  
(m,e): 
• cos/Dice/KL 

  (context(m), 

   context(e)) 

 

Coherence  
(e,e‘): 
• dist(types) 

• overlap(links) 

• overlap  

  (anchor words) 

 

 

Metallica on Morricone tribute 
Bellagio water fountain show 
Yo-Yo Ma 
Ennio Morricone composition 

 
 

The Magnificent Seven 
The Good, the Bad, and the Ugly 
Clint Eastwood 
University of Texas at Austin 

For a Few Dollars More 
The Good, the Bad, and the Ugly 
Man with No Name trilogy 
soundtrack by Ennio Morricone 

weighted undirected graph with two types of nodes 

Dollars Trilogy 

Lord of the Rings 

Star Wars 

Ecstasy of Gold 

Ecstasy (drug) 

Eli (bible) 

Eli Wallach 

Sergio talked to  

Ennio about 

Eli‘s role in the 

Ecstasy scene.  

This sequence on 

the graveyard 

was a highlight in 

Sergio‘s trilogy 

of western films. 

 

 

http://en.wikipedia.org/


Graph Algorithm for Joint Mapping 

• Compute dense subgraph to 

       maximize min weighted degree among entity nodes 

  such that: 

       each m is connected to exactly one e (or at most one e) 

• NP-hard  approximation algorithms 

90 

30 

5 
100 

100 

 50 
 50 

 90 

 80 

 90 
 30 

10 

 20 

 10 

20 

30 

 30 

140 

180 

50 

470 

145 

230 

[J. Hoffart et al.: EMNLP‘11,  M. Yosef et al.: VLDB‘11,  M. Yahya et al.: WWW‘12] 
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General Word Sense Disambiguation 
{songwriter,  

 composer} 

{cover, perform} 

{cover, report, treat} 

{cover, help out} 

 Which  

 song writers  

 covered  

 ballads  

 written by  

 the Stones ? 
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Discovering “Unknown” Knowledge 

so far KB has relations with type signatures  

<entity1, relation, entity2>  

< CarlaBruni  marriedTo  NicolasSarkozy>              Person  R  Person  

< NataliePortman  wonAward  AcademyAward >    Person  R  Prize  

Open and Dynamic Knowledge Harvesting: 

would like to discover new entities and new relation types  

<name1, phrase, name2>  

Madame Bruni in her happy marriage with Nicolas … 

The first lady is in passionate love with the French president … 

Natalie was honored by the Oscar … 

Bonham Carter was disappointed that her nomination for the Oscar … 

Madame Bruni in her happy marriage with Nicolas… 

The first lady is in passionate love with the French president  … 

Natalie was honored by the Oscar … 

Bonham Carter was disappointed that her nomination for the Oscar … 



Temporal Knowledge 

for all people in Wikipedia (300 000) gather all spouses,  

     incl. divorced & widowed, and corresponding time periods! 

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

consistency constraints are potentially helpful: 
• functional dependencies:  husband, time   wife 

• inclusion dependencies:  marriedPerson   adultPerson 

• age/time/gender restrictions:  birthdate +   <  marriage  <  divorce 

1) recall: gather temporal scopes for base facts 

2) precision: reason on mutual consistency 
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Summary 



Take-Home Message 

Knowledge 

• Machine Knowledge from Web Sources:  

   finally real and big! 

• Enabling Asset for Intelligent Applications: 

 digital humanities, big-data analytics, 

 deep machine reading, QA & HCI, etc. 

• Rich Research Opportunities & Challenges: 

 scale & robustness, temporal, multimodal, 

 open & real-time knowledge discovery, etc.  

Web 



Merci Beaucoup! 


