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Outline of the tutorial

PART 1. Knowledge graphs
Applications of knowledge graphs
Freebase as an example of a large scale knowledge repository

Research challenges

B 0 Dh =

Knowledge acquisition from text

PART 2: Methods and techniques
1. Relation extraction
2. Entity resolution

3. Link prediction
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PART 1: KNOWLEDGE GRAPHS
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The role of knowledge

‘Knowledge is Power” Hypothesis (the
Knowledge Principle): “If a program is to perform
a complex task well, it must know a great deal
about the world in which it operates.”

The Breadth Hypothesis: “To behave intelligently
In unexpected situations, an agent must be
capable of falling back on increasingly general
knowledge.”

Lenat & Feigenbaum
Artificial Intelligence 47 (1991)
“On the Threshold of Knowledge”




Why (knowledge) graphs?

 We're surrounded by entities, which are connected by relations
 We need to store them somehow, e.g., using a DB or a graph

« Graphs can be processed efficiently and offer a convenient
abstraction
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Knowledge graphs

YSGCJ*

elect knowledge

r~ Freebase

€ )

A

NELL: Never-Ending
Language Learning

OpenlE
(Reverb, OLLIE)

Facebook’s

Entity Graph
Google’s

Knowledge Graph
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A sampler of research problems

Growth: knowledge graphs are incomplete!
* Link prediction: add relations
« Ontology matching: connect graphs
* Knowledge extraction: extract new entities and relations from web/text

Validation: knowledge graphs are not always correct!
« Entity resolution: merge duplicate entities, split wrongly merged ones
« Error detection: remove false assertions

Interface: how to make it easier to access knowledge?
« Semantic parsing: interpret the meaning of queries
* Question answering: compute answers using the knowledge graph

Intelligence: can Al emerge from knowledge graphs?
» Automatic reasoning and planning
« (Generalization and abstraction
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Connections to related fields

* Information retrieval

« Natural language processing
« Databases

« Machine learning

 Atrtificial intelligence
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A SAMPLER OF APPLICATIONS
OF KNOWLEDGE GRAPHS
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Surfacing structured results in web search

Google | Newvor g o == & £ 1 Augmenting the presentation

Web Images News Maps Videos More ~ Search tools - ®

with relevant facts

About 716,000,000 results (0.95 seconds)

New York - Wikipedia, the free encyclopedia
en.wikipedia org/wiki/New_York » Wikipedia ~

New York is a state in the Northeastern and Mid-Atlantic regions of the United States Michigan T°'g“}°
New York is the 27th-most extensive, the third-most populous, and the _;" .
New York City - Albany - List of cities in New York - New York metropolitan area Dgg9§t PRy
Azl -
; s . 5 ~ Connecticut __
New York City - Wikipedia, the free encyclopedia e e r Rhode Island
en wikipedia.org/wiki/New_York_City v Wikipedia ~ Ohio snpsyivania i dask o204
For other uses, see NYC (disambiguation) and New York, New e Philadainhia L Socie
Neighborhoods - History of New York City - Nicknames - Berough
New York
The Official New York City Guide to NYC Attractions, Dining ... US State

www.nycgo.com/ ~ New York City ~

Visit NYCgo for official NYC information on travel, hotels, deals and offers like Restaurant
Week, and the best restaurants, shops, clubs and cultural events

Must-See NYC - Broadway Shows & Tickets - Events - Tours and Attractions

The New York Times - Breaking News, World News ...
www.nytimes.com/ * The New York Times ~

There were no reports of survivors on a Malaysia Airlines flight that crashed on Thursday
in eastern Ukraine near the Russian border, the scene of fighting

Natalie Glance and one other person +1'd this

New York Magazine -- NYC Guide to Restaurants, Fashion ...
nymag.com/ ¥ New York Magazine ~
Daily coverage of New York's restaurants, nightlife, shopping, fashion, politics, and

New York is a state in the Northeastern and Mid-Atlantic regions of the
United States. New York is the 27th-most extensive, the third-most
populous, and the seventh-most densely populated of the 50 United
States. Wikipedia

Capital: Albany

Secretary of State: Cesar A Perales

Minimum wage: 8.00 USD per hour (December 31, 2013)
Governor: Andrew Cuomo

Colleges and Universities: Cornell University, More

Destinations View 45+ more

- S
culture. NYMag.com is the online counterpart to New York Magazine =
News for new york -
New York Buffalo Long Island  Albany Finger
New York, Responding to Surge of Child City Lakes
Migrants, Forms ... . .
New York Times - by Kirk Semple - 1 hour ago Points of interest View 40+ more
Opposition to sheltering a wave of young migrants has mounted in
many communities across the country, but in New York City, the
reaction has
More news for new york Statue of Niagara Adirondack  Empire Metropolitan
Liberty Falls Mountains  State Museum of
Building Art
NewYork.com - Your Official Site for Travelling To and Living ... Ceeanack

www.newyork.com/ ~

_—
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Surfacing facts proactively

~~
I

~rvet
LU=,

san francisco population

Web Imag Maps Shopping More ~ Search tools
About 79,700,0 jlits (0.38 seconds)
Population, San Francisco, CA San Francisco
1M www.google.com/publicdata
L 812,826 - Jul 2011 L
losm Source: U.S. Census Bureau

1990
SanF
en.wikig Web hages Maps Shopping News More ~ Search tools
San Fr P—
cityint 50 personal resufigal 510,000,000 other results
San Fra

Welcome to SFG San Francisco
SanF www.ci.sf.ca.us/
quickfag SFGOV is the official website overnment of the City and County of San . . %..... Emeryville v
Sep 18, Francisco, providing information a departments, meetings, legislation, ... ~ @ Oakland
definitio = A

SFO - San Francisco Internationa ort - Home Page Alameda
SanF www.flysfo_com/ T
www. sf Guides on the airlines, concessions, general se round transportation and San Le:
Mar 14, shopping can be found, including flight information, s ics, future ... 5

n
Daly City Fram
. o f : ©2012 Google 12 Google

San Francisco - Wikipedia, the free encyclopedia

ol W|k|ped|? orglwnk[ISan_Fra.ncusco o h . i San Francisco, officially the City and County of San Francisco, is the

San Francisco officially the City and C;ounty of San Francisco, is ading financial leading financial and cultural center of Northern California and the San

and cultural center of Northern California and the San Francisco Bay Francisco Bay Area. Wikipedis

San Francisco Bay Area - History of San Francisco - 1906 San Francisco

Area: 231.9 sq miles (600.6 km?)

San Francisco Travel Guide: Things to Do, Hotels, Events ... Founded: June 29. 1776

www sanfrancisco. travel/ ) ’ ) -

The official travel and visitors guide for San Francisco. Only In San Francisco can you Weather: 59°F (15°C), Wind NE at 4 mph (6 km/h), 46% Humidity

find San Francisco hotel reservations, tours. flights, maps, popular ... Local time: Sunday 3:55 PM PT

10 Things Not to Miss in San - Visitor Information Center - San Francisco Events Population: 812,826 (2011)
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Exploratory search

/B new york sightseein

[ESEE=5)

x\
C f

/www.google.com/v

& https;,

new york sightseeing

Google

vebhp?sourceid=chrome-in

stan

=1&espv=

—

Web Videos S

More - Search tools

Maps Images

=]

Circle Line
Sightseeing Cr..

Gray Line New City
York Sightseeing Ne..

CitySights NY

Gray Line New York Sightseeing Tours, Cruises & Attractions

www.newyorksightseeing.com/ ~ Gray Line New York

New York's famous Empire State Building, a New York City and a National Historic
to Top of the Rock AND 1-hour Statue of Liberty New York Harbor Cruise!

Nyc double decker tours - Loops Tour Map - All Loops Tour Plus - Contact Us

New York attractions: The 50 best sights and attractions in ...
www timeout com/newyork/attractions. . /new-york-attractions ~ Tinm

N Sights like the Empire State Building and the Statue of
nial favorites, but we've also highlighted newcomers and lesser-known

BLDG 92 - Free attractions in New York - Brooklyn Flea - Chrysler Building

New York City Tours and Attractions - NYC Sightseeing ...
www.nycgo.com/toursandattractions/ ~ New York City

ITINERARIES. Movel New York. by Jessica Allen. NYC's novelistic life comes alive with
self-guided tours to landmarks from books like The Catcher in the Rye

New York: Sightseeing in NYC - TripAdvisor

www tripadvisor.com » ... » New York (NY) » Before You Go ~ Trip
Inside New York: Sightseeing in NYC - Before you visit New York, visit
sights of the New York City harbor, including the Statue of Liberty, Ellis Island

the main

NYC Sightseeing Tour | New York City Double Decker Tou...
skylinesightseeing com/ ~

See NYC's landmarks your way with our Hop-on,. ... The most historic neighborhood in
New York City, downtown Manhattan features the Empire State Building

City Sightseeing New York, Hop On - Hop Off Bus Tours
www._city-sightseeing com/tours/united-states-of . /new-york htm ~

Choose your own way in which you use your ticket according to your own itinerary
There are three tour routes to choose from, allowing you to explore

Top 25 New York City Tours - New York Magaznne
nymag com »15\Eursgurde sightseeing/citytours.htm ~ Ne
3 - Views From lh; ToD The Blg ASD]P T'our S

the Cll) streets from a

2&ie=U

NYC & Co

=
n

&

+Evgeniy

Oyl o950 O =

@ Share ‘

A
e

Filter by user rating ~

The New York Rockefeller The Empire State
Pass Center Metropolitan M...  Building }
st s e s ~rr
Park £ Manhattan ‘
Lyndhurst Hunts Point | _
N North —
& Bergen €
<&
L= A" secalicus Manhattan %
& “Rive!
yrion oyl -5, PN TS
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Connecting people, places and things

n Harvard University # Home 1[4 Post

S

Harvard University ¢ Like | | Message # ~
2,703,624 likes - 47,280 talking about this - 430,473 were here

College & University
L People who visited Harvard University Q l
m Pecple who like Harvard University qQ . ¥2.7m
Photos Likes Florence Trouche v Friends | s v

Paul McDonald 4, Add Friend |+ v Global Client Partner at Facebook
Engineer at Facebook Visited Harvard University, Marché Poncelet and 317 other pla...
Likes Harvard University, iRunFar.com and 182 others Studied at Rouen Business School '90
Studied Computer Science at Harvard University '03 _ 35 mutual friends including Michelle Gilbert and Lisa Carucci
3 mutual friends including Clodagh Chloe Takeuchi and Serkan ... e vard Loivers

. weekend? Read Andrew Tulloch v Friends s v
Ekaterina Skorobogatova 4 Add Friend |« ¥ | /insights into the \ | Machine Leaming at Facebook

7yY b

Works at Facebook ne/usQry | Visited Harvard University, City Beer Store and 90 other places

Likes Harvard University, Loves Company and 3,455 others
Studied Interactive Multimedia at New York University
2 mutual friends: Amina Belghiti and Alexey Spiridonov

Studied Machine Learning at University of Cambridge

Suggest Harvard Univers S . : i .
99 21 mutual friends including Jason Weston and Nicolas Vasilache

n Ariel Evnine

Joseph Barillari (joeb) 4, Add Friend |+« v
Gary Johnson 4 AddFriend =~ Software Engineer at Facebook

Corporate Development at Faceb... Miguel Gaiowsk

Visited Harvard University, Philz Coffee At Facebook and 990 o...
Studied Computer Science at Harvard University '07
10 mutual friends including Tudor Bosman and Jessica Traynor

Likes Harvard University and 278 others

Studied at Wharton School, University of Pennsylvania '08

5 mutual friends including Jen Holmstrom and Clodagh Chiloe T...

a

., Sheryl Sandberg @ 4, Add Friend | e v

Greg Marra (G#8E) 4 AddFriend v , Chief Operating Officer at Facebook

Product Manager at Facebook @ Visited Harvard University and 423 other places

Studied at Harvard Business School

! 14 mutual friends including Laurent Solly and Catalina Fries Sa...

Likes Harvard University, Emmy's Spaghetti Shack and 693 ot..
Studied Electrical and Computer Engineering at Franklin W. Olin ...
1 mutual friend: Ledell Wu




Connecting people, places and things

Structured search within the graph

People who like Harvard University and Basketball and work at Facebook

it Groups

B Apps

=] Events

Mike Vernal 4, Add Friend | v
VP Engineering at Facebook

Likes Harvard University, Harvard Crimson and F@ceb00k Su...
Studied Computer Science at Harvard University '02

10 mutual friends including Keith Adams and Philip Bohannon

Jared Morgenstern 2, Add Friend | =+
Product Manager / Ninja - Games ...

Likes Harvard University, F@ceb00k Summer Basketball Leag...
Studied Computer Science at Harvard University

5 mutual friends including Clodagh Chloe Takeuchi and Pierre ...

Florin Ratiu 4, Add Friend |« v
Software Engineer at Facebook

Likes Harvard School of Public Health, Stanford 6th Man and ba...
Studied Management Science and Engineering at Stanford Univ...
3 mutual friends including Alexey Spiridonov and Serkan Piantino

Ning Zhang (3 T) A Add Friend |+ ¥
Software Engineer at Facebook

Likes Harvard University, Basketball and 314 others

Studied Computer Science at University of Waterloo '06

5 mutual friends including Tudor Bosman and Ves Stoyanov

Zhongyuan Xu (fRHEiE) 4 AddFriend |« v
Software Engineer at Facebook

Likes Harvard University, Basketball and 364 others

_ 4 Studied at Stony Brook University

1 mutual friend: Ledell Wu

2147 ms|
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Question answering

Go gle Barack Obama place of birth ) “ #e000 Orange F = 10:39 ¢ 7 #e00 Orange F = 10:40
o=
<) @ = Barack Obama was born in
Web News Images Videos Maps More ~ Search tools H I |
e 7 onoluiu.
I thought you asked...
About 15,600,000 results (0.76 seconds) EE m L 1]

Waipio
Kaneohe

)

Wikipedia

Barack Obama was born in

Pear! Harbor Honolulu
(&, Watershed ii
itershed Honolulu, Hawaii. s Barack Obama
Hanolulu
Méamala Bay =
attribution > Barack Hussein Obama Il is
Map data ©2014 Google

the 44th and current

President of the United

States, and the first African

American to hold the office.

Born in Honolulu, Hawaii,

Obama is a graduate of Columbia
University and Harvard Law School, where
he served as president of the Harvard Law
Review. He was a community organizer in
Chicago before earning his law degree. He
worked as a civil rights attorney and taught
constitutional law at the University of

Honolulu, HI

Barack Obama, Place of birth

Where is born Barack Obama

Feedback

Barack Obama was born in

Barack Obama citizenship conspiracy theories - Wikipedia ... Honolulu, Hawaii.
en wikipedia org/ . /Barack_Obama_citizenship_conspiracy_th_. + Wikipedia ~
Birth notices for Barack Obama were published in the Honolulu Advertiseron ... in a
biography in place until April 2007) which misidentified Obama's birthplace .... Barack attribution >
Hussein Obama was born in Hawaii and is a natural-born American citizen Ina
June 2012 interview at her Kenyan home, Sarah Obama was asked

Background - Release of the birth certificates - False claims

'b Good answer ﬂ Bad answer
Barack Obama - Wikipedia, the free encyclopedia

en.wikipedia org/wiki/Barack_Obama ~ Wikipedia ~

Barack Obama standing in front of a wooden writing desk and two flagpoles. ... the 44th
and current President of the United States, and the first African American to hold ... He

retumed to Kenya in August 2006 for a visit to his father's birthplace
Michelle Obama - Barack Obama, Sr. - Early life and career of Barack - Ann Dunham

¢ NN

Google

EVI

(Amazon)
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Towards a knowledge-powered digital assistant

What can | help
you with?

Parlez maintenant &

ask me anything

OK Google Siri Cortana
(Apple) (Microsoft)

» Natural way of accessing/storing knowledge
« Dialogue system

* Personalization Interface revolution >
* Emotion




FREEBASE AS AN EXAMPLE
OF A LARGE SCALE
KNOWLEDGE REPOSITORY



Different approaches to knowledge representation

« Structured (e.g., Freebase or YAGO)

* Both entities and relations come from a fixed lexicon

e Semi-structured

* Predicates come from a fixed lexicon, but entities are strings

NELL used to be in this category, but is now structured
(creating new entities as needed)

* Unstructured (Open I|E)
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=

r~ Freebase

* Freebase is an open, Creative Commons licensed repository
of structured data

- Typed entities rather than strings

Person e

Key: Ipeople/person Includes: Topic
Aperson is a human being (man, woman or child) known to have actually existed. Living persons, celebrities and politicians are persons Re I ati O n S a re

Table  Diagram

typed too!

Properties
Property ID Expected Type

[ Date of birth Ipeople/person/date_of_birth Rypeldatetime ]
Place of birth Ipeople/personiplace_of_birth Nlocationflocation =
Country of nationality Ipeople/personinationality fNlocation/country
Gender Ipeople/personigender Ipeople/gender enumerated
Profession Ipeople/personiprofession Ipeoplelprofession
Religion I/people/personireligion ireligionireligion
Ethnicity Ipeople/person/ethnicity Ipeople/ethnicity -
Parents Ipeople/personi/parents Ipeoplelperson
Children Ipeople/personichildren Ipeople/person
Siblings Ipeople/person/sibling_s Ipeoplelsibling_relationship
Spouse (or domestic partner) Ipeople/person/spouse_s Ipeople/marriage *+ mediatc
Employment history Ipeople/person/employment_history [business/employment_tenu
Education Ipeople/person/education feducation/education ~+ med
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The world changes, but we don't retract facts

We just add more facts!

Marriage wesitor type

Key: /people/marriage

‘Marriage’ defines a relationship between two people. The person type uses it to store the two people in the relationship as well as a beginning and end date

More

Table Diagram

Properties

Property ID Expected Type

Spouse /people/marriage/spouse Ipeople/person

From Ipeople/marriageffrom ftypeldatetime

To Ipeople/marriage/to ftypeldatetime

Type of union /people/marriageftype_of_union Ipeople/marriage_union_type —» enumeratet
Location of ceremony /people/marriage/location_of_ceremony fNlocationflocation
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A graph of inter-related objects

Jorcaolt In. Connecting the web.

i | B 1 5unu
Person: Paul Allen e o =" ! . % . Person: Howard Schultz
1 .1r.
- R Location: Seattle . > .
Football Team: - Basketball Team:

Seattle Seahawks Seattle Sonics
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Schema limitations

What is the capital of South Africa

(=

“ egabrilovich@gmail.com ‘B + Share . -
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Schema limitations (cont’'d)

\_!, “ egabrilovich@gmail.com ‘-_B + Share .v

Who is the father of Lil Wayne

Web Images Maps Shopping More ~ Search tools - (A Q

About 25,800,000 results (0.32 seconds)

Lil Wayne

Rapper

Dwayne Michael Carter, Jr., known by his stage
name Lil Wayne, is an American rapper from New
Orleans, Louisiana. Wikipedia
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Subject-Predicate-Object (SPO) triples
</m/0jcx, /m/04m8, /m/019xz9>

/en/albert_einstein /en/ulm
Albert Einstein Ulm

YAGOZ uses
SPOTL tuples
(SPO + Time
and Location)

/peopIe/person/pléce_of_birth
Place of birth



RESEARCH CHALLENGES
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Challenging research questions

« How many facts are there ? How many of them can we
represent ?

* How much the boundaries of our current knowledge limit
what we can learn ?

 How many facts can be potentially extracted from text ?
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Limits of automatic extraction

Freebase: 637M (non-redundant) facts

302M confident facts with Prob(true)> 0.9
Of those, 223M are in Freebase (~ 35%)
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Relations that are rarely expressed in text

Relation

/people/person/gender
/people/person/profession

/people/person/children and
/people/person/parents

/medicine/drug_formulation/
manufactured_forms

/medicine/manufactured_drug
_form/available _in

/book/author/works written and
/book/written_work/author

% entity
pairs not
found

30%
18%
36%

99.9%

99.4%

37%

Notes

Pronouns

Sample object: "Biaxin 250
film coated tablet" (/m/0jxc5vb)

Sample subject: “Fluocinolone
Acetonide 0.25 cream”
(/m/QjxIbx9)

Sample book title: “The birth
day: a brief narrative of Eliza
Reynolds, who died on Sunday,
Oct 19, 1834” (/m/Oydpbtq)
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Relations that are rarely expressed in text

Relation

/people/person/gender
/people/person/profession

/people/person/children and
/people/person/parents

/medicine/drug_formulation/
manufactured_forms

/medicine/manufactured_drug

_form/available _in

/book/author/works_written and

/book/written_work/author

Albert Einstein College of Medicine

OF YESHIVA UNIVERSITY

Communications & Public Affairs "
Newsroom ™

News Releases

Social Media Hub

Einstein in the Media
Features
Multimedia
Publications

Home > Newsroom > News Releases >

Connectomics

Connectomics: Mapping the Neural Network Governing Male Roundworm
Mating

= print | B subscribe

July 26, 2012 - (BRONX, NY) — In a study published today online in Science, researchers at Albert Einstein College
of Medicine of Yeshiva University have determined the complete wiring diagram for the part of the nervous system
controlling mating in the male roundworm Caencrhabditis elegans, an animal model intensively studied by
scientists worldwide.

The study represents a major contribution to the new field of connectomics — the effort
to map the myriad neural connections in a brain, brain region or nervous systemto find
the specific nerve connections responsible for particular behaviors. A long-term goal of
connectomics is to map the human “"connectome” - all the nerve connections within
the human brain.

Because C elegansis such a tiny animal — adults are one millimeter long and consist
of just 959 cells — its simple nervous system totaling 302 neurons make it one of the
best animal models for understanding the millions-of-times-more-complex human
brain.

The Einstein scientists solved the structure of the male worm's neural mating circuits
by developing software that they used to analyze serial electron micrographs that other
scientists had taken of the region. They found that male mating requires 144 neurons —
nearly half the worm's total number — and their paper describes the connections between those 144 neurons and
64 muscles involving some 8,000 synapses. A synapse is the junction at which one neuron (nerve cell) passes an
electrical or chemical signal to another neuron.

Scott Emmons, Ph.D.

KDD 2014 Tutorial on Constructing and Mining Web-scale Knowledge Graphs, New York, August 24, 2014 32



Relations that are rarely expressed in text

Relation

/people/person/gender
/people/person/profession

/people/person/children and
/people/person/parents

/medicine/drug_formulation/
manufactured_forms

/medicine/manufactured_drug
_form/available _in

/book/author/works written and
/book/written_work/author

% entity
pairs not
found

30%
18%
36%

99.9%

99.4%

37%

Notes

Pronouns

Sample object: "Biaxin 250
film coated tablet" (/m/0jxc5vb)

Sample subject: “Fluocinolone
Acetonide 0.25 cream”
(/m/QjxIbx9)

Sample book title: “The birth
day: a brief narrative of Eliza
Reynolds, who died on Sunday,
Oct 19, 1834” (/m/Oydpbtq)
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Implicitly stated information

People ipeopie

Date of birth
4004 BCE

Place of birth
Garden of Eden

Country of nationality

"

Gender

Male

!

Profession
Religion
Ethnicity

Parents

Children
Children
Azura

Seth

Cain

Abel

Awan

Siblings
Sibling

Spouse (or domestic partner)

Spouse From
‘ e = N
Employment history

Employer

This property has been flagged as having values, but those values are unknown. Remove this flag to add specific values.

This property has been flagged as having no values. Remove this flag to add new values.

This property has been flagged as having no values. Remove this flag to add new values.

20 And Adam called his wife's name Eve; because she was the
mother of all living. (Genesis 3:20)
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Implicitly stated information

People ipeopie

Date of birth
4004 BCE

Place of birth =«

—

\
Garden of Eden -—-- \
Country of nationality N \
\ \ This prop]
|
Gender I s ~
Mal -—
ale ‘ —y ~ l
Profession ~
N
I \
Religion \
by
Ethnicity I
b
Parents | \
R
| S -
Children
Children ‘
Azura \
Seth \
Cain AN
Abel S o -
Awan
Siblings
Sibling
Spouse (or domestic partner)
Spouse From
‘ B o RN 20 And Al
Employment history mother ¢
Employer
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(Genesis 1)

TIn the beginning God created the heaven and the earth.

2 And the earth was without form, and void; and darkness was
upon the face of the deep. And the Spirit of God moved upon
the face of the waters.

3 And God said, Let there be light: and there was light.

(Genesis 2)

1 7 And the LORD God formed man of the dust of the ground, and

breathed into his nostrils the breath of life; and man became a
living soul.

8 And the LORD God planted a garden eastward in Eden; and
there he put the man whom he had formed.

19 And out of the ground the LORD God formed every beast of
the field, and every fowl of the air; and brought them unto
Adam to see what he would call them: and whatsoever Adam
called every living creature, that was the name thereof.
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Knowledge discovery: the long tail of challenges

Errors in extraction (e.g., parsing errors, overly general patterns
Noisy / unreliable / conflicting information
Disparity of opinion (Who invented the radio ?

Quantifying completeness of coverage

WIKIPEDIA
The Free Encyclopedia

Wain page
Contents

Featured content
Current events
Random article
Donate to Wikipedia
Wikimedia Shop

* Interaction
Help
About Wikipedia
Community portal
Recent changes
Contact page

» Toalbox
¥ Printiexport

¥ Languages &
Deutsch

#Edit links

Create account & Login

Article Talk Read | Edit View history [=&arch Q

Invention of radio

From Wikipedia, the free encyclopedia

"Great Radio Controversy” redirects here. For the album by the band Tesla, see The Great
Radio Controversy.

Many people
were involved in Contents [hide]
the invention of 1 Wireless signalling methods
radio as we now 2 History of the invention of radio
know it. Several 2.1 Theory of electromagnetism
possible methods 2.1.1 Maxwell and the theoretical prediction of elactromagnetic waves
of wireless 2.1.2 Early attempts at wireless
communication 2.1.3 Experiments and proposals
were considered, 2.1.4 Early development of radio
including 2.1.4.1 Hughes
inductive and 2.1.5 Experimental verification of Maxwell's theory by Hertz
capacitive 2.1.5.1 Branly
induction and 2152Tesla
transmission 2.1.5.3 de Moura
through the 2.1.5.4 Lodge
ground, however 2155J.CBose
the method used 21.5.6Braun
for radio today 2.1.6 Later radio development
exclusively 2.1.6.1 Popov
involves the 2.1.6.2 Cervera
transmission and 2.1.6.3 Marconi
reception of 2.1.6.4 Naval wireless
electromagnetic 2.1.6.5 Stone Stone
waves. 2.2 Wireless telephony

2.2.1Fessenden
it 222Fleming

speculation on

[u] »




Knowledge discovery: the long tail of challenges

« Errors in extraction (e.g., parsing errors, overly general patterns)
« Noisy / unreliable / conflicting information
 Disparity of opinion (Who invented the radio ?)

* Quantifying completeness of coverage

* Fictional contexts
</en/abraham_lincoln,

Ipeople/person/profession,

/len/lvampire_hunter> ?

« Qutright spam



Data fusion vs. knowledge fusion

Sources Sources
S S S S S S
1 2 N \'0{9 E 1 2 N
D @ E D
1 %"5' 1
D, Ey D,
Data
items 3 D;
Dy s
(a) Data fusion input (b) Knowledge fusion input

[Dong et al., VLDB "14]

Data
items



Should we trust all sources equally ?

The Western Center
Create account & Login For Journalism
% sind Bt o
Article  Talk Read View source View history |Search Q Blogging Tox 2
W womes INFOWARS.COM s s
2 Barack Obama g vk ”
IWIKIPEDIAW > o - You e s o s e
‘The Free Encyclopedia rom Wikipedia, the free encyclopedia
"Obama" redirects here. For other uses, see Obama (disambiguation). Proof Obama Born in Kenya? Obama Literary Evidence Obama Born In Kenya Goes Beyond
M
C::;:;ze This article is about the 44th president of the United States. For his father, see Barack Obama, Sr. Agem Says Yes 1991 Brochure
SR Barack Hussein Obama Il (/b3 ra k hu “semn au ba ma/: bom o o ua i s Establishment media pulls stunt in effort to diffuse birther’ controversy EY IS )=
Current avents August 4, 1961) is the 44th and current President of the United s D < R anx| (W Tweet 4 Emai Paul Joseph Watson
Random article States, the first Afican American to hold the office. Born in art com has introduced evicence showing that Obama claimed he was bor 'F’:_‘f::"“;:‘:“:a‘mu
u H lulu, Haw || Ve ] e bec. candidate: | tingly. the editors of Bre: N
Donate to Wikipedia oniokuld, Htawail, Obarm js;a racutls fﬁcu bl e rafty sad o O i The establishment media hastily seized on vesterday's explosive story about aliterary publication
= Harvard Law School, where he was president of the Harvard Law listing Barack Obama's birthplace as Kenya in an effort to claim that the 1991 brochure was the
~ Interaction Review. He was a community organizer in Chicago before eaming ‘origin” of the entire ‘birther’ issue. In reality, evidence that Obama was born in the African country
— bundant.
Help his law degree. He worked as a civil rights attorney in Chicago and ‘ : e T
bout Wik Aliterary agent's tional text
oout Wikipedia taught constitutional law at the University of Chicago Law School | . ,gsit,;if:., Ao [N » !
Communhy portal from 1992 to 2004. He served three terms representing the 13th I.I.I\ = ) 5
Recant changes District in the lllincis Senate from 1997 to 2004, running | E\h MZE STORIES THEBLAZETV RADIO MAGAZINE BLOG COl
Contact page unsuccessfully for the United States House of Representatives in | i " b i
¥ Toolbox 00 HOT TOPICS: Obamacare TedCruz NSA Educafion TheBlaze TV #2A
} Printlexport In 2004, Ob.am.a z_ecelved national attention dunpg his c.ampawgn to
represent lllinois in the United States Senate with his victory in the
~ Languages ] March Democratic Party primary, his keynote address at the [ MEDIA
Ackéh Democratic National Conventien in July, and his election to the ' '
Afrikaans Senate in November. He began his presidential campaign in 2007 44th President of the United States YAH"U. N[ws SAYS UBAMA WAS BURN IN...K[NYA. derich hastily claimed listing
Alemannisch and in 2008, after a close primary campaign against Hillary Rodham Incumbent Jun. 22, 2013 12:34pm | Madeleine Morgenstem s
Aoy Clinton, he won sufficient delegates in the Demacratic Party Assumed office Y [ a2 l] 16.8K E 2 m : dl] ful and it goes significantly
Anglisc primaries to receive the presidential nomination. He then defeated January 20, 2008 athe Barack Obama. Bitthers, Obama Birth Certificate &
AmCiliaa Republican nominee John McCain in the general election, and was Vice President Joe Biden eas & mistake, 'hel:mnsmﬂ
_ ! i e a U.S. Senator. “Goderich's
@ iy inaugurated as president on January 20, 2009. Nine months after his | Precededby  George \W. Bush Yahoo! News had 1o issue a correction Friday after publishing an article about President Barack [i¥n years, through at least
Aragonés election, Obama was named the 2009 Nobel Peace Prize laureate United States Senator Obama that called Kenya “the country of his birth.* R et VoM of
from lliinoi: ’
L During his first two years in office, Obama signed into law economic e Jabout Obama being borm in
Asturiany stimulus in response to the Great Recession in the form L s The article, about Obama's upcoming trip to Africa, stated
Avaiie'’d ¢ January 3, 2005 - Nevember 16, 2008
of the American Recovery and Reinvestment Act of 2009 and the i | et Obama had become a Senator,
Agap Tax Relief, Unemployment Insurance Reauth on, and Job era. e President Barack Obama makes the first extended trip to Africa of his presidency next week
T st % S dedby Roland B w v
Aaran Creation Act of 2010. Other majer domestic initiatives in his first e . e — but he won't be stopping at the country of his birth oy s Lorwn Ky
Azsrbaycanca term include the Patient Protection and Affordable Care Act, often ME";:;‘:L;":;:E::;""'
Bamanankan referred to as "Obamacare”; the Dodd-Frank Wall Street Reform and aifice
T Consumer Protection Act: and the Dont Ask. Dont Tell Repeal Act enoary BT Besaae Ok White House doesn’t have ‘figure on costs’ of
Bahasa Banjar . . o i 8 e ) :
o of 2010. In forg\gn palicy, Obama endedU. S. military m.c\:emem N | precededby Aice Paimer Africa ‘Tlp
Rl the Irag War, increased U.S. troop levels in Afghanistan, signed the
Bass Baniiinasan g Succeeded by Kwame Racul \
¥ New START arms control treaty with Russia, ordered U.S. military e By Rachel Rose Hartman, Yahoo! Nows | Tha Tickat
Bawroprea involvement in Libya, and ordered the military operation that resulted a5 T e '/
Benapyckan in the death of Osama bin Laden. He later became the first sitting " A:::;t :T;Tu;g)
&Ea::ﬁjﬁ;ﬁa‘ U.S. president to publicly support same-sex marriage. In November Honokulu, Hawai, U.S. era| [HESE 4 Wiwee |z {in EXUR- S s Prt
5 4 2010, the Republicans regained control of the House of Political party  Democratic
President Barack Obama makes the fi nded trip to Africa of his presidency next week—but he
‘won't be stopping in the 8 h




Challenge: negative examples

 We already know a lot ... but those are only positive examples!

« Many ways to get negative examples ... none of them perfect ®

 Deleted assertions in Freebase

Released ! See g0o0.gl/MJb3A

Was the deletion justified ?
* Inconsistencies identified with manually specified rules

Poor coverage

*  Examples judged by humans Released ! See goo.gl/MJb3A
Optimized for accuracy on the positive class

« Automatically create negative examples using the closed world assumption

Noisy, unless applied to functional relations

 Feedback from Web users

Crowdsourcing

Difficult to judge automatically
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Negative examples (cont'd): feedback from Web users

GOUgle Leonard Cohen 9 “

Leonard Cohen Home | The Official Leonard Cohen Site Click any fact to locate it on the web. Click Wrong? to report
www leonardcohen.com/ ~ a problem. You can also provide general
Official Leonard Cohen website featuring Leonard Cohen news, music, videos, album feedback.Ca

info, tour dates, and more

Wrong? Wrong? Wrong?
Tour - Albums - Songs From The Road (EPK) - News £ ey 4 = <

Leonard Cohen - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki‘Leonard_Cohen ~

Leonard Norman Cohen, CC GOQ (born 21 September 1934) is a Canadian Juno
Award-winning singer-songwriter, musician, poet, and novelist. His work often ...
Discography - Songs of Leonard Cohen - Hallelujah - Songs of Love and Hate

Leonard Cohen - YouTube

www_youtube com/artistleonard-cohen ~

One of the most fascinating and enigmatic — if not the most successful —- singer/
songwriters of the late '60s, Leonard Cohen has retained an audience across

Wrong?
Leonard Cohen - Hallelujah - YouTube %
www.youtube com/watch?v=YrLk4vdY28Q ~ Leonard COhen
Oct 3, 2009 - Uploaded by LeonardCohenVEVO S
Music video by Leonard Cohen performing Hallelujah. (C) 2009 R no Award-winning
Sony Music Entertainment Leonard Norman Cohen, CC GOQ is a Canadian Juno Award-winning work often explores
1,627 people +1'd this singer-songwriter, musician, poet, and novelist. His work often explores hips. Wi
religion, isolation, sexuality, and personal relationships hning |
Leonard Cohen — Free listening. concerts_stats. & pictures at Last fm Wrong? xplores panada
www.last.fm/music/Leonard+Cohen ~
Watch videos & listen free to Leonard Cohen: Suzanne, So Long, Marianne & more Wrong? Born: September 21, 1934 (age 79), Westmount, Canada
plus 155 pictures. Leonard Cohen (b. 21st September 1934 in Montréal, ...
» 0:30 Suzanne Songs of Leonard Cohen ada
» 0:30 Famous Blue Raincoat Songs of Love and Hate Thanks!
» 0:30 So Long, Marianne Songs of Leonard Cohen
» 0:30 Hallelujah The Essential Bob Dylan

What's wrong with this? (optional)

Leonard Cohen | Music Biography, Credits and Discography | AllMusic

www allmusic.com/artist/leonard-cohen-mn0000071209 ~
Find Leonard Cohen bio, songs, credits, awards, similar artists and video information
on AllMusic - Cerebral yet sensual Canadian poet, novelist, and

Provide a URL reference with supporting evidence. {optional)
My Night With Leonard Cohen - NYTimes com
www._nytimes.com/2013/07/18/.../my-night-with-leonard-cohen htm| ~
Jul 18, 2013 - An adventure starts with a concert and leaves a feminist wowed

Leonard Cohen - NPR
WwWw.npr.org/artists/15392685/leonard-cohen ~




= ui Z.7.US [lpeirotis & Gabrilovich, WWW 2014]

Correct Answers: 33/67 | Correct (%): 49%

What is a symptom of Morgellons How do you translate Dance in Russian?

Red eye Your answer:

Choreoathetosis

| don't know

Insomnia Question 1 out of 10

Skin lesion

Question 1 out of 10
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Entity resolution / deduplication

« Multiple mentions of the same entity is wrong and confusing.

B3 update Status || Add PhotosiVideo [ Host Chat

What's on your mind?

prinkles Cupcake|

E Sprinkles Cupcakes Ralo Alto - 393 Stanford Shopping Center - Palo Alto, California

13,683 were here

Sprinkles - Palo Alto, Lalifornia

66 were here

ake At Stanford - Palo Alto, California

2 were here

47 286 were here

Sprinkles Cupcakes Dallas - 4020 Villanova Drive - Dallas, Texas

190 w F

! Sprinkles Cupcakes Beverly Hills - 9635 Little Santa Monica Boulevard - Beverly Hills, ...

1:09PM @ 7

cancel  Where Are You? Edit

Fuki Sushi at Fagebook
200 ft - 1601 Willow RAad - 2,152 we...

Fuki Sushi
200 ft « 24 were here

"Fuki S" in o Park...

ajwle[|T|v]u] tfo|p
Als|o|Fla]H]y|K]L

z|x|c|v]s|n|mi
123 & Search
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Entity resolution / deduplication

« Multiple mentions of the same entity is wrong and confusing.

Home AboutMe Write a Review Find Friends Messages Talk Events

vego Montreal, QC, Canada Showing 1-5 of 5

Show Filters ~

1. Restaurant Végo 1720 Saint-Denis Rue T L BRI T
; Montreal, QC H2X 3K6 -0 AN
16 reviev
B0 0 B £ 16 reviews ponies + \E s o R & O
$$ - Vegetarian (514) 845-2627 -
Villeray—
Nice staff and ambiance, lots of variety in terms of food options, delicious food. A bit awkward to have é:::é:::;:‘se.;
the buffet upstairs, especially if you sit down stairs. Carrying a tray down narrow... erville Longueuil
= .
Le Platea -Royal
2. Resto Végo McGill 1204 Avenue McGill College ntreal 134]
(] ) L £3 £ 5 reviews Montréal, QC H3B 4J8
o Canada Saint-Lamber
$$ - Buffets, Vegan, Vegetarian (514) 871-1480

Cote-Des-Neiges~
Notre-Dame-DesGrace/ g

We had an afternoon meal in this place. The staff were very friendly and helpfull. We like buffet

restaurants because they make it possible to collect exactly the type of food that you want in... Southwest

(R0
ey s vd,_w‘ MapData TermsofUse Reporta map emor

1720 Rue Saint-denis
Montreal, QC H2X 3K6
Canada

(514) 845-2627

3. Resto Végo St-Denis
£ E3 &3 3 reviews

$$ - Vegetarian

As a non-veg | was quite satisfied with Resto Végo, the food was good and the options grand. This is
a buffet style restaurant so | had the opportunity to taste many of the various dishes..
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Entity resolution / deduplication

1. Mandala Tea House

ﬂ ﬂ a a L 14 Reviews SS
14107-H Winchester Blvd, Los Gatos

Gluten-Free, Vegan, Coffee & Tea

* Multiple mentions of the same entity is

Home About Me Write a Review Find Friends Messages Talk

2. Breathe Los Gatos
n D a u t . 61 Reviews

14107-H Winchester Blvd, Los Gatos

b

vego Montreal, QC, Canada

Show Filters ~

1. Restaurant Végo 1720 Saint-Denis Rue Save Search
212121, - Montreal, QC H2X 3K6

1 Y
Rad Baf bad bt Bd 16 rEVIEWS Canada

$3$ - Vegetarian (514) 845-2627

Can't find what you're looking for?
Nice staff and ambiance, lots of variety in terms of food options, delicious food. A bit awkward to h Add a Business.
the buffet upstairs, especially if you sit down stairs. Carrying a tray down narrow...

2. Resto Végo McGill 1204 Avenue McGill College
i Montréal, QC H3B 4J8

b l 5 WS

Lo Rf B Bd g © TEVIEW Canada

$$ - Buffets, Vegan, Vegetarian (514) 871-1480

We had an afternoon meal in this place. The staff were very friendly and helpfull. We like buffet
\ restaurants because they make it possible to collect exactly the type of food that you want in...

3. Resto Végo St-Denis
o Ld b b R g 3 reviews
BN $S - Vegetarian

1720 Rue Saint-denis
Montreal, QC H2X 3K6
Canada

(614) 845-2627

1 As a non-veg | was quite satisfied with Resto Végo, the food was good and the options grand. Thi
a buffet style restaurant so | had the opportunity to taste many of the various dishes




Commonsense knowledge

\

“Bananas are yellow.”

“Balls bounce.”

“Jasmine flowers smell good.”

« Commonsense information is hard to collect (too obvious)

* Yet commonsense reasoning is often crucial



Commonsense knowledge - e

we | — ConceptNet 5 — i

qu;mmx just got smarter.

* Nodes represent concepts : Y
(words or short NL phrases) | | | |
Wikipedia | ~__ e Wiktionary . —

Arabic 2 P \<kaish

« Labeled relationships connecting them e | com /// \ op |
saxophone - UsedFor -> jazz N .

learn - MotivatedByGoal - knowledge

ConceptNet

-

ConceptNet About Wiki Downloads a concept... ‘ A v X .

Get [c/[en/banana in JSON format

banana

banana — IsA — fruit
A banana is a fruit.

English

ConceptNet

Get /c/en/ball in JSON format

ball

ball — CapableOf — bounce ball — HasProperty — round
An activity a ball can do is bounce A ball is round

ball — CapableOf — roll down hill ball —IsA — toy
A ball can roll down hill a ball is a toy




ConceptNet (cont'd)

« ConceptNet is a (hyper)graph
- Edges about the edges

« [Each statement has justifications

* Provenance + reliability assessment

 The graph is ID-less
« Every node has all the information necessary to identify it

* Multiple branches can be developed in parallel and later merged
Take the union of the nodes and edges

No reconciliation

[Havasi et al., RANLP ‘07; Speer and Havasi, LREC ‘12]

http://conceptnet5.media.mit.edu/
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Commonsense knowledge in YAGO

 WebChild [Tandon et al., WSDM ‘14]

(strawberry, hasTaste, sweet),(apple, hasColor, green)
* Acquired from the web using semi-supervised learning

« Uses WordNet senses and web statistics to construct seeds

* Acquiring comparative commonsense knowledge from the web
[Tandon et al., AAAI “14]

(car, faster, bike), (Iemon, more-sour, apple)

« Uses Open IE

« Earlier work: [Tandon et al., AAAI ‘11]
CapableOf(dog, bark), PartOf(roof, house)

- Uses web n-gram data with seeds from ConceptNet
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CYC

[Guha et al., CACM ’90] + http://www.cyc.com/publications

« OpenCYC
« 239K terms, 2M triples

e ResearchCYC

« 500K concepts, 5M assertions, 26K relations
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Multiple modalities
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Natural interfaces to knowledge

“Where is New York City?”

GO 8[(:‘ where is new york city g

Web Images Maps Actualités Shopping Plus ~ Qutils de recherche
Environ 816 000 000 résultats (0,59 secondes)
N
aiCong et Yonkers _.
@ Paterson @ 53]
2 i i l I Huntington
Z Parsippany, Clifton Bronx'! Glen Cove
; West Syosset t
Morristown Manhattan —
F)ranqe ‘m 7 Hicksville Bre
Short Hills oodside) Baysiae
Basking Newark N Y” K Levittown  West
Ridge (75 EWYOTK. _Jamaica ~— Babylon
Elizabeth Gateway National~ Freenort 27)
el po
Plainfield - " Recrear?ﬂmea
dridgewater e Staten SRar-Rockaway
o7 (ﬂaand Breezy:Point
Perth —
New Amﬁoy Lower Bay
2Mead  Brunswick Sandy
C5F S e Map data ©2014 Google
New York, NY

Images correspondant a where is new york city
Signaler des images inappropriées

= e

Plus d'images pour where is new york city

ee000 Orange F 7 13:57

<)

Orange F = 13:57 TR

“Where is New York City”

tap to edit

Where is New York City

New York City is in New York stz
135 miles (217km) south of Alba
8.8 miles (14km) east of Newark
Jersey.

ution )
OnawaO
arrie"
Th‘” “t Klng‘.h)no
oron O©
mn
(o) NEW Y
Buffalo®
o}

PENNSYLVANIA

Legal
OPiltsburqh

" Good answer



Natural interfaces to knowledge

“Where did Kobe Bryant play in high school?”

GO Sle where did kobe bryant play in high school

Web News Shopping Videos Images More ~ Search tools

About 1,750,000 results (0.93 seconds)

Born on August 23, 1978 in Philadelphia, Pennsylvania, Kobe Bryant
played for the Charlotte Hornets right out of high school. He was soon
traded to the L.A. Lakers, where he went on to win five championships
and become one of the leading scorers of the NBA.

Kobe Bryant - Biography - Basketball Player - Biography.com
www.biography.com/people/kobe-bryant-10683945 ~ Fyi

Feedback

Kobe Bryant - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Kobe_Bryant ~ Wikipedia

Kobe Bryant smiling on the bench USA vs GBR 2012 jpg ... He entered the NBA
directly from high school, and has played for the Lakers his entire career, .... The
teams agreed to the trade the day before the draft and the Lakers did not tell the ...
Shag—Kobe feud - Sexual assault case - Joe Bryant - Idan Ravin

Kobe Bryant Stats, Bio, Career | Lakers Nation
www.lakersnation.com/kobe-bryant/ ~ Lakers Nation

Kobe entered the NBA directly from high school, where he was selected 13th ....
Bryant did achieve an individual milestone by becoming the youngest player in ...

Kobe Bryant - Biography - Basketball Player - Biography.com
www.biography.com/people/kobe-bryant-10683945 ~ Fyi

Born on August 23, 1978 in Philadelphia, Pennsylvania, Kobe Bryant played for the
Charlotte Hornets right out of high school. He was soon traded fo the L.A. ...

“Where did Kobe Bryant play
in high school”

tap to edit
Would you like to see some more results? ‘
| don’t know where you are.
But you can show me. Go to
Settings, tap Privacy, tap
Location Services and turn it
on. Then scroll to Siri and
turn that on, too.

Where did Kobe Bryant play in high
school

Maybe you want something about Kobe
Bryant? Try this web page: "Kobe Bryan
- Wikipedia, the free encyclopedia".

attribution »

Location Services Settings
Would you like to see some more results? ‘

'b Good answer ,‘ Bad answer

Going away? Try asking me for the
weather in Rome



Natural interfaces to knowledge

“Where did Kobe Bryant play in high school?”

GO Sle where did kobe bryant play in high school \?J

Web News

About 1,750,000 results (0.93 seconds)

Shopping Videos Images More ~ Search tools

“Where did Kobe Bryant play
in high school”

7 e,
o o
4\\1 ‘{
Q
&
N

W

w ov

-

WIKIPEDIA
The Free Encyclopedia

Main page
Contents

Featured content
Current events
Random article
Donate to Wikipedia
Wikimedia Shop

Interaction
Help
bout Wikipedia
Community portal
Recent changes
Contact page

Tools

Article Talk

Kobe Bryant

From Wikipedia, the free encyclopedia

Kobe Bean Bryant (born August 23, 1978) is an American professional basketball player for the
Los Angeles Lakers of the National Basketball Association (NBA). He entered the NBA directly
from high school, and has played for the Lakers his entire career, winning five NBA
championships. Bryant is a 16-time All-Star, 15-time member of the All-NBA Team, and 12-time
member of the All-Defensive team. As of March 2013, he ranks third and fourth!®! on the league's
all-time postseason scoring and all-time regular season scoring lists, respectively

Bryant enjoyed a successful high school basketball career at Lower Merion High School in
Pennsylvania, where he was recognized as the top high school basketball player in the country
He declared his eligibility for the NBA Draft upon graduation, and was selected with the 13th
overall pick in the 1996 NBA Draft by the Charlotte Hornets, then traded to the Los Angeles
Lakers. As a rookie, Bryant earned himself a reputation as a high-flyer and a fan favorite by
winning the 1997 Slam Dunk Contest

Read View source View history

Kobe Bryant

4

Bryant atthe 2012 Summer OIymbics in London

No. 24 — Los Angeles Lakers




KNOWLEDGE ACQUISITION
FROM TEXT
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External sources of knowledge

e Text

« Unstructured (NL text) or semi-structured (tables or
pages with regular structure)

* Relevant tasks: entity linking, relation extraction

« Structured knowledge bases (e.g., IMDB)

* Relevant task: entity resolution
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Possible approaches to knowledge acquisition from the Web

* Unfocused
« Start from a collection of Web pages

= Non-targeted (blanket) extraction

 Focused

* Formulate specific questions or queries, looking for
missing data

* Identify (a small set of) relevant Web pages

=>» Targeted extraction
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Open IE — extracting unstructured facts from
unstructured sources (text)

« TextRunner [Banko et al., [JCAI ’07], WOE [Wu & Weld, ACL “10]

 Limitations

1. Incoherent extractions — the system makes independent decisions
whether to include each word in the relation phrase, possibly gluing
together unrelated words

2. Uninformative extractions — those omitting critical information (e.g., “has”
instead of “has a population of” or “has a Ph.D. in”)

 ReVerb [Fader et al., EMNLP ‘11] solves these problems by adding
syntactic constraints

- Every multi-word relation phrase must begin with a verb, end with a
preposition and be a contiguous sequence of words)

« Relation phrases should not omit nouns

« Minimal number of distinct argument pairs in a large corpus
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OLLIE: Open Language Learning for Information Extraction

[Mausam et al., EMNLP ‘12]

Limitations of ReVerb
* Only extracts relations
mediated by verbs

* Ignores context, potentially
extracting facts that are not asserted

. “After winning the Superbowl, the Saints are now

the top dogs of the NFL.”
O: (the Saints; win; the Superbowl)

. “There are plenty of taxis available at Bali airport.”

O: (taxis; be available at; Bali airport)

. “Microsoft co-founder Bill Gates spoke at ..”

O: (Bill Gates; be co-founder of; Microsoft)

- 3

. “Early astronomers believed that the earth is the

center of the universe.”
R: (the earth; be the center of; the universe)
W: (the earth; be; the center of the universe)
O: ((the earth; be the center of; the universe)
AttributedTo believe; Early astronomers)
“If he wins five key states, Romney will be elected
President.”
R,W: (Romney; will be elected; President)
O: ((Romney; will be elected; President)
ClausalModifier if; he wins five key states)
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OLLIE (cont'd)

1
1
( *
.»\:" N
| Tralnlng Data
/ ReVerb Bootstrapper Sl
Uses ReVerb to Learning
build a seed
Pattern Templates
set. Seed Tuples e
.’J.‘. EEE
Assumption: “““""““f _________________________________
every relation
can also be '=1=+Sentence —»Pattern Matching—>Tuples—> Context Analysis—>Ext. Tuples
expressed viaa | | — — - LUl
verb-based
\ expression /
Uses dependency

parse structure




Extracting structured facts from unstructured sources (text)

/en/tom_cruise /people/person/
. date_of_birth

Thomas Cruise Mapother IV (born July 3, 1962),

/[common/topic/
alias

widely known as Tom Cruise,
/people/person/

nationality
/people/person/

profession

is an American film actor and producer.
/en/actor /en/film_producer

/en/united_states



Knowledge discovery

* Relying on humans
* Volunteer contributions at Freebase.com
* Import of large datasets (e.g., IMDB)

e Head + torso

« Automatic extraction
- Extraction from web pages
* The long tail

» Learning patterns using known facts

‘... jumped from Xinto Y ...”

</en/tower_bridge, |
ltransportationlbridgelbody_of_wter_spne,

/en/river_thames>

—

http://www. flickr.com/photos/sandreli/4691045841/
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Knowledge Fusion s/~ Freebase

(g . =
—wcT m Path Ranking
Webmaster annotations Tables Deneeqv\r/\srt:(ral Algorithm
NV N (PRA)
NL text Page structure
N\ N\
Extractors Priors

[Dong et al., KDD 2014]

Research 3: Statistical
techniques for big data

Mon, 10:30-12, Empire West
KNOWLEDGE
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=

Knowledge Fusion s~ Freebase

[Cafarella et
al., VLDB ‘08;| [Franz et al., ISWC ‘09;

T —actm | Bordes et al., Al/Stats *12;||  [Lao et al.,
(http://) Schema.org Venetis et al.,| prumond et al., SAC “12;|| EMNLP 1]
— VLDB ‘12] | Socher et al., NIPS ‘13 ] (PRA)
[Ig/lp'\ﬁistgé] [Cafarella et al., CACM “11]

Extractors Priors

Research 3: Statistical
techniques for big data

Mon, 10:30-12, Empire West
KNOWLEDGE
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Fusing multiple extractors

True positive rate

0.2

0.1

— ANO (0.73)
——TBL (0.76)
——TXT (0.85)
——— DOM (0.87)

—— FUSED-EX (0.92)

0.4 0.6
False positive rate

0.8

—



The importance of adding more evidence

09
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07}
—~ 06
4]
=
-g 05
Q.
= kel
1 D 04
2
©
0.9 o
Q 03
0.8+
02}
0.7f
_— -
o Rl — frue
| = -
% 0.6 v false
[e) 0 1 1 1 1 1 1 1 1 T I
‘5_ 0 5 (0] 5 10 15 20 25 30 35 40 45 50
3 num. documents
j3
5 0.4+
o
o
0.3~
0.2+
0.1} —frue
o v false
Ol 1 | 1 ]
0 1 2 3 4
num. extraction systems
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Fusing extractors with priors

True positive rate

— PRIOR (0.83)
o1f = EX (0.92)
= EX+PRIOR (0.94)
0 ) | 1 | I |
0 0.2 0.4 0.6 0.8 1

False positive rate
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Example: (Barry Richter, studiedAt, UW-Madison)

“In the fall of 1989, Richter accepted a scholarship to the
University of Wisconsin, where he played for four years and
earned numerous individual accolades ...”

“The Polar Caps' cause has been helped by the impact of
knowledgeable coaches such as Andringa, Byce and former UW
teammates Chris Tancill and Barry Richter.”

= Fused extraction confidence: 0.14

——p <Barry Richter, born in, Madison>

r- —reebase <Barry Richter, lived in, Madison>

= Final belief (fused with prior): 0.61

68
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The importance of prior modeling
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Comparison of knowledge repositories

Total # facts in

KNOWLéDGE
VAULT

Name # Entity # Entity | # Relation # Confident facts

types instances types (relation_instances)
Knowledge Vault (KV) 1100 45M 4469 | 302M |
DeepDive [32] 4 2.7"M 34 - TM*®
NELL [8] 271 5.19M 306 0.435M°
PROSPERA [30] 11 N/A 14 © 0.1M
YAGO?2 [19] 350,000 9.8M 100 AM*©
Freebase [4] 1,500 40M 35,000 ¢y 63TM
Knowledge Graph (KG) 1,500 570M 35,000 18,000M*“

..................................................................................................................................................................................... (" 302M with Prob > 0.9 D
'''''''' Open IE (e g., Mausam et al., 2012) o Srm=--

5B assertions (Mausam, Michael Schmitz,

personal communication, October 2013)

.
~~~~~

—

N

<
~
_______________

-
-
-----
-,
~. -
-----------



The yield from different extraction systems
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Should we trust all sources equally ?
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Create account & Login For Journalism
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Joint modeling of source and fact accuracy

[Dong et al., VLDB “09]
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Automatic knowledge base completion (focused extraction)

Relation

Profession

Place of
birth

Nationality
Education
Spouse
Parents

% unknown
in Freebase 4004 BCE

68%
1%

75%
91%
92%
94%

People people

Date of birth

Place of birth
Garden of Eden

Country of nationality

Gender

Male

Profession

-

(Genesis 2)

8 And the LORD God planted a garden eastward in Eden; and
there he put the man whom he had formed.

15 Then the LORD God took the man and put him in the garden
of Eden to tend and keep it.

19 And out of the ground the LORD God formed every beast of the
field, and every fowl of the air; and brought them unto Adam to
see what he would call them: and whatsoever Adam called
every living creature, that was the name thereof.

Employment history
- Employer Title
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Proactively searching for missing values [West et al., WWW ’'14]

\f*') / V% Let me google that ¥ x \

€ 2 C fi [ Imgtfy.com Dz 2 =

let me GO O gle that for you

Google Search ‘ I'm Feeling Lucky l

1 u

!
l Type a question, click a button.

« Mine search logs for best query templates (per relation)

« Augment queries with disambiguating information

 Thou shalt ask in moderation

« Asking too much may be harmful!
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The importance of query augmentation

Who is the mother of Frank Zappa L n

The Mothers of Invention - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki’The_Mothers_of_Invention ~

The Mothers of Invention were an American rock band from California that served as the
backing musicians for Frank Zappa, a self-taught composer and ...

History - Personnel - Discography - References

Frank Zappa - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Frank_Zappa ~

Jump to 1970: Rebirth of The Mothers and filmmaking - [edit]. Frank Zappa in Paris,
early 1970s. Later in 1970, Zappa formed a new version of The ...

Discography - Moon Zappa - Diva Zappa - Gail Zappa

Who is the mother of Frank Zappa Baltimore Maryland ¥ n

Frank Zappa - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Frank_Zappa ~

Frank Vincent Zappa was born in Baltimore, Maryland, on December 21, 1940. His
mother, Rose Marie (née Colimore), was of Italian and French ancestry; his ...




Learning to query

/people/person/parents

spouses 0.30

siblings
religion 0.95
profession
place of birth
nationality .20
ethnicity
education 0.15
children

[no augmentation] | 010

. O .
$7s /i@‘@ & o/ & Color = mean reciprocal
rank of true answer

coon [HEAGE
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Mean reciprocal rank

Asking the right (number of) questions
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PART 2: METHODS AND

TECHNIQUES
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Methods and techniques

1. Relation extraction:
« Supervised models
« Semi-supervised models

« Distant supervision

2. Entity resolution

«  Single entity methods

.  Relational methods Not in this tutorial;

Entity classification

3. Link prediction Group/expert detection

. Rule-based methods

Ontology alignment

o Probabilistic models

Object ranking
. Factorization methods

Embedding models
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RELATION EXTRACTION
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Relation Extraction ?
playFor
LA Lakers
“Kobe Bryant, the franchise player of the Lakers”
“Kobe once again saved his team”
“Kobe Bryant man of the match for  Los Angeles”

e Extracting semantic relations between sets of [grounded] entities

* Numerous variants:
- Undefined vs pre-determined set of relations
- Binary vs n-ary relations, facet discovery
- Extracting temporal information
- Supervision: {fully, un, semi, distant}-supervision
- Cues used: only lexical vs full linguistic features



Supervised relation extraction

Sentence-level labels of relation mentions
"Apple CEO Steve Jobs said.." => (Stevedobs, CEO, Apple)
"Steve Jobs said that Apple will.." => NIL

« Traditional relation extraction datasets
ACE 2004
MUC-7
Biomedical datasets (e.g BioNLP clallenges)

« Learn classifiers from +/- examples

« Typical features: context words + POS, dependency path between
entities, named entity tags, token/parse-path/entity distance
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Examples of features

auxpass ROOT prep

was born on (July i Syracuse

VBD VBN IN i NNP
VERB VERB ADP

om Cruise

NOUN

X was born on DDDD in Y

&—D0EP. X <psubjpass / born prep> on pobj> DATE prep> in pohj>Y—=
e NER: X=PER,Y=LOC

e POS: X =NOUN, NNP; Y = NOUN, NNP

e Context: born, on, in, "born on"




Supervised relation extraction

« Used to be the “traditional” setting [Riloff et al., 06; Soderland et al., 99]

* Pros
- High quality supervision
- EXxplicit negative examples

« Cons
- Very expensive to generate supervision
- Not easy to add more relations
- Cannot generalize to text from different domains
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Semi-supervised relation extraction

« Generic algorithm

Start with seed triples / golden seed patterns
Extract patterns that match seed triples/patterns
Take the top-k extracted patterns/triples

Add to seed patterns/triples

Goto 2

ahowOd=

 Many published approaches in this category:
« Dual lterative Pattern Relation Extractor [Brin, 98]
« Snowball [Agichtein & Gravano, 00]
« TextRunner [Banko et al., 07] — almost unsupervised

 Differ in pattern definition and selection
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TextRunner [Banko et al., 07]

« Almost unsupervised
* Relations not fixed: does not follow Knowledge Graph schema (growing)
* No labeled data
* Mostly unlabeled text
» Uses heuiristics to self-label a starting corpora (using a parser), such as
« Path length <k
Path does not cross sentence-like boundaries like relative clauses

Neither entity is a pronoun

« Self-training
Generate +/- examples - learn classifier
Extract new relation mentions using this classifier
Generate triples from aggregated mentions, assign probabilistic score
using [Downey et. al., 2005]

« Later improved in Reverb [Fader et al., 11]
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Distantly-supervised relation extraction

« Existing knowledge base + unlabeled text - generate examples
» Locate pairs of related entities in text

Google

capitalOf

CEO

Larry

Page

France

Pixar

N
7

Apple
%

Steve

Jobs

founderOf

Hypothesizes that the relation is expressed

Google CEO Larry Page announced that...
Steve Jobs has been Apple for a while...

Pixar lost its co-founder Steve Jobs...

| went to Paris, France for the summer...



Distant supervision: modeling hypotheses

Typical architecture:

1. Collect many pairs of entities co-occurring in sentences from text corpus

2. If 2 entities participate in a relation, several hypotheses:

1. All sentences mentioning them express it [Mintz et al., 09]

“‘Barack Obama is the 44th and current President of the US.” - (BO, employedBy, USA)

89
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[Mintz et al., 09]

—/ (Steve Jobs, CEO, Apple)
Knowledge Graph i
(Sentence-level features) LABEL

\ Apple CEO Steve Jobs . F.(SJ, Apple)
told reporters that...

| saw Steve Jobs atthe F.(SJ, Apple)
Apple headquarters... (SJ, Apple) :ZE(S'J’ Apple)

Steve Jobs, the CEO of . F_(sJ, Apple) (Aggregate features)
Apple, said that...

Steve Jobs announced __,. F, (SJ, Apple)
that Apple will not...
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[Mintz et al., 09]

CEO
» Classifier: multiclass logistic regressor

PrimeMinister

(Steve Jobs, Apple, AggFeatures) — Spokesman
\ Capital Of
NotRelated

* Negative examples
« Randomly sample unrelated entity pairs occurring in the same sentence
» > 98% such pairs actually unrelated
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Sentence-level features

e Lexical: words in between and around mentions and their parts-of-
speech tags (conjunctive form)

e Syntactic: dependency parse path between mentions along with
side nodes

e Named Entity Tags: for the mentions

e Conjunctions of the above features
e Distant supervision is used on to lots of data - sparsity of conjunctive
forms not an issue

KDD 2014 Tutorial on Constructing and Mining Web-scale Knowledge Graphs, New York, August 24, 2014

92



Sentence-level features

Feature type Left window NEI Middle NE2 Right window

Lexical [ PER [was/VERB born/VERB in/CLOSED] LOC [1

Lexical [ Astronomer] PER [was/VERB born/VERB in/CLOSED] LOC [,]

Lexical [#PAD#, Astronomer] PER [was/VERB born/VERB in/CLOSED] LOC [, Missouri]
SymaCtiC [] PER [ﬂe was *U'pred born 'U'mod in 'U’;pcomp—n] LOC []
Syntactic [Edwin Hubble {;cz—mod] PER  [{ts Was {preq born {104 in Ypcomp—n] LOC [
Syntactic [Astronomer {}jex—mod] PER [1Is was loregbom dmog M dlpcomp—nl] LOC [1
SyntaCtiC [] PER [ﬂs was U’pred born J.LTnod in JJ’;:)ccnfnp—n] LOC [U’lc:r—mod 7]
SyntaCtic [EdWIn Hubble 'U'le:l:—mod] PER [ﬂ-s was U’pred born ‘U’mad in J.1'1:vccnrnp—n] LOC ['U'lez—mod :]
SyntaCtiC [Astronomer 'U'Ie:c—mad] PER [ﬂs was U’pred born 'U‘mod in 'U'pcomp—n] LOC [U’lem—mod s]
Syntactic [] PER [fts was {pred born {mod in {pcomp—n] LOC [{inside Missouri]
Syntactic [Edwin Hubble {icz—mod]l PER  [f}s Was {pred bOrn {mod in Ypcomp—n] LOC  [inside Missouri]
Syntactic [Astronomer {}jex—modl PER [ftswasldl.cq born | mod in Ypcomp— LOC [{inside Missouri]

Table 3: Features forl ‘Astronome

Edwin Hubble Was born 1 M Missouri’.
.

inside

lex-mod pcomp-n lex-mod

£ /\ /\ /\ V0 WV
| Astronomer ' |Edwm Hubble | | ' | ) | ' [ Marshfield l | ; |

Missouri



Examples of top features

architecture/structure/architect

, the designer of the

SYN designed 1t . ORG 1t designed 1, ; byl PER
/book/author/works_written LEX PER s nove o ORG
SYN PER ﬁpcn bY frmod story ﬂpred is Us ORG
/book/book _edition/author_editor LEX ORG s novel PER
SYN PER T'nn series Ygen PER
/business/company/founders LEX ORG co - founder PER
SYN ORG Ttnn oWner Y person PER
/business/company/place _founded LEX ORG - based LOC
QVN (w{". 'ﬁ' [y | (’u"
/film/film/country LEX PER , released in LOC
L_m SYN opened 1t ORG s opened mod in dpen LOC 1t s opened
geography/river/mou CEX TOC > WHICh NTows 1no the COC
SYN the U’det LOC ﬂs is ‘U‘pred lﬁbﬂlaf}’ 'U'mod of U’pcn LOC 'U'det the
KDD 2014 Tutorial on Constructing and Mining Web-scale Knowledge Graphs, New York, August 24, 2014 94



Distant supervision: modeling hypotheses

Typical architecture:

1. Collect many pairs of entities co-occurring in sentences from text corpus

2. If 2 entities participate in a relation, several hypotheses:
1. All sentences mentioning them express it [Mintz et al., 09]
2. At least one sentence mentioning them express it [Riedel et al., 10]

“‘Barack Obama is the 44th and current President of the US.” - (BO, employedBy, USA)

“Obama flew back to the US on Wednesday.” - (BO, , USA)

95
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[Riedel et al., 10]

« Every mention of an entity-pair does not express a relation

Relation Type |New York Times|Wikipedia
nationality 38% 20%
place of birth 35% 20%
contains 20% 10%

* Violations more in news than encyclopediac articles

« Assert triple from only a few mentions, not all



[Riedel et al., 10]

« Factor graph:

Relation variable

/

relation(Roger McNamee Elevation Partners)

Relation mention variable

/

Elevation Partners, the private EEm
the $ 1.9 billion private equity
group that was founded by
Roger McNamee ...

Z.

Roger McNamee , a managing
director at Elevation Partners ...

» Multiple-instance setting
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Distant supervision: modeling hypotheses

Typical architecture:

1. Collect many pairs of entities co-occurring in sentences from text corpus

2. If 2 entities participate in a relation, several hypotheses:
1. All sentences mentioning them express it [Mintz et al., 09]
2. At least one sentence mentioning them express it [Riedel et al., 10]

3. At least one sentence mentioning them express it and 2 entities can express
multiple relations [Hoffmann et al., 11] [Surdeanu et al., 12]

“‘Barack Obama is the 44th and current President of the US.” - (BO, employedBy, USA)
), ULEZH)

“Obama flas baok it iine WS jost\de thecsiday’s -2a(8.0;
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[Surdeanu et al., 12]

« Relation extraction is a multi-instance muilti-label problem.

“Barack Obama is the 44th and current President of the US.” & (BO, employedBy, USA)
“‘Obama was born in the US just as he always said.” - (BO, bornin, USA)
“Obama flew back to the US on Wednesday.” > NIL

@ @ o @ <— \Weight vector for the binary top-level classifier for jth relation

@. .. .. @ <€—— Top-level classification decision for jth relation

Latent relation classification, among relations and NIL.

Sentence

/ ——— Set of extraction for pair i of entities

@ €———— Weight vector for multi-class mention classifier

« Training via EM with initialization with [Mintz et al., 09]



Relaxing hypotheses improves precision

0.9
— Surdeanu
0.8F — Hoffmann
— Wsabie M2R
Riedel
— Mintz

precision

0 1 1 1 1 1 1 1 1 1
4 —0.0T 002 0.03 004 005 006 007 008 009 0.1
recall

Precision-recall curves on extracting from New York Times articles to
Freebase [Weston et al., 13]



Distant supervision

* Pros
- Can scale to the web, as no supervision required
- Generalizes to text from different domains
- Generates a lot more supervision in one iteration

« Cons
- Needs high quality entity-matching
- Relation-expression hypothesis can be wrong
= Can be compensated by the extraction model, redundancy, language model
- Does not generate negative examples
= Partially tackled by matching unrelated entities
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Plenty of extensions

Using language models [Downey et al., 07]
Do two entities seem to express a given relation, given the context?

Joint relation extraction + other NLP tasks
Named Entity tagging [Yao et al., 10]
Possibly with entity resolution and/or coreference

Jointly + repeatedly training multiple extractors [Carlson et. al., 10]

Unsupervised extraction [Poon & Domingos, 10]

« Jointly perform relation extraction and link prediction [Bordes et
al., 12; Weston et al., 13; Riedel et al., 13]
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ENTITY RESOLUTION
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Entity resolution

LA Lakers

PIqyInLeague

35
1978
bornin
Single entity P, Relatlonallennty
. . resolution
resolution

Kobe B. marriedTo N Vanessa

Elayeli L. Bryant




Single-entity entity resolution

« Entity resolution without using the relational context of entities

« Many distances/similarities for single-entity entity resolution:
- Edit distance (Levenshtein, etc.)
« Set similarity (TF-IDF, etc.)
« Alignment-based
* Numeric distance between values
* Phonetic Similarity
« Equality on a boolean predicate
« Translation-based

* Domain-specific
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Case study: deduplicating places [Dalvi et al., 14]

« Multiple mentions of the same place is wrong and confusing.

B3 update Status || Add PhotosiVideo [ Host Chat

What's on your mind?

prinkles Cupcake|

E Sprinkles Cupcakes Ralo Alto - 393 Stanford Shopping Center - Palo Alto, California

13,683 were here

Sprinkles - Palo Alto, Lalifornia

66 were here

ake At Stanford - Palo Alto, California

2 were here

47 286 were here

Sprinkles Cupcakes Dallas - 4020 Villanova Drive - Dallas, Texas

190 w F

! Sprinkles Cupcakes Beverly Hills - 9635 Little Santa Monica Boulevard - Beverly Hills, ...

1:09PM @ 7

cancel  Where Are You? Edit

Fuki Sushi at Fagebook
200 ft - 1601 Willow RAad - 2,152 we...

Fuki Sushi
200 ft « 24 were here

"Fuki S" in o Park...

ajwle[|T|v]u] tfo|p
Als|o|Fla]H]y|K]L

z|x|c|v]s|n|mi
123 & Search
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Origin of duplicates

* Duplicates are often created during check-in: T R
= Different spellings Qfudd ‘
@ Fuki Sushi at Facebook
- GPS Errors 200 ft - 1601 Willow Road - 2,152 we...
Fuki Sushi
[ | Wrong CheCklnS 200 ft - 24 were here

Add "Fuki §" in Menlo Park...

* Frequently, these duplicates have:

-

 few attribute values

Add Place

afwle[a/r[vu[ o]
 names were typed hurried|
yp / ‘e . Nalsiolrlelnlik]
Google ® & Eﬂaamm -
IFunkVSushi ‘ 123 & m Search

Select a Category (Required) ,

Phone (Optional)
Website (Optional)

Address (Optional)

Citv (Nntinnall
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Effectively matching place names is hard

Guggenheim Art Guggenheim Guggenheim Guggenheim Starbucks
Museum Manhattan
DishDash Dish Dash Restaurant Central Park Café Central Park Restaurant
(NYC) (NYC)
Ippudo New York Ipudo
Glen Park Glen Canyon Park
Central Park Café Central Park Restaurant
(Sunnyvale) (Sunnyvale)

Easy to find cases where the “bad match” pair is more similar than the
“good match” pair

Existing similarity metrics (TF-IDF, Levenshtein, Learned-weight edit
distance, etc.) generally fail to handle this level of variability



ldea 1: core words

» A core word = a word a human would use to refer to the place, if
only a single word were allowed

« Goal: try to identify the core word, use it for comparisons

Guggenheim

N

|| Guggenheim Starbucks

Y 4

Guggenheim Art Museum, Manhattan
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ldea 2: spatial context model

 Tokens vary in importance based on geographic context

= Central Park is common/meaningless in NYC

* Goal: filter out context-specific tokens when matching names

Broadway Times Square
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Convert into an edit distance

«  We match N, with N, given: Guggenheim Art Museum,
Manhattan
« Core words model
- Spatial contextual model /
Guggenheim

- Treat N,, N, as bag of words, and require:

« Core words match \

« Any words that match are either core or
background in both N1 and N2

Guggenheim Starbucks

 Extend this to Levenshtein-like edit distance
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Deduplication results [Dalvi et al., 14]

1

09 r
08 r
0.7 1
a 06}
05

04 |

03

0.2 - 1 - ' -
04 05 06 07 08 09

r
« Edit: Levenshtein distance between place names

* TF-IDF: cosine similarity of TF-IDF weighted vector of overlapping names
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Entity resolution

LA Lakers

PIqyInLeague

35
1978
bornin
. : Relational entit
Single entity : y
: resolution
resolution

marriedTo Vanessa
L. Bryant




Relational entity resolution — Simple strategies

» Enrich model with relational features - richer context for matching

LA Lakers

playlnLeague

35
 Relational features: 1978

bornin

« Value of edge or neighboring attribute

« Set similarity measures
Overlap/Jaccard
Average similarity between set members

Adamic/Adar: two entities are more similar if they share more items that are
overall less frequent

SimRank: two entities are similar if they are related to similar objects

Katz score: two entities are similar if they are connected by shorter paths



Relational entity resolution — Advanced strategies

LA Lakers

35

bornin

« Dependency graph approaches [Dong et al., 03]

« Relational clustering [Bhattacharya & Getoor, 07]

* Probabilistic Relational Models [Pasula et al., 03]
 Markov Logic Networks [Singla & Domingos, 06]
* Probabilistic Soft Logic [Broecheler & Getoor, 10]



LINK PREDICTION
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Link prediction

NY Knicks

teaminLeague opponent

playFor

playFor
» Add knowledge from existing graph

* No external source
playlnLeague
« Reasoning within the graph

teammate

1. Rule-based methods
Probabilistic models

Factorization models

> W DN

Embedding models



First Order Inductive Learner

* FOIL learns function-free Horn clauses:
* given positive negative examples of a concept
» a set of background-knowledge predicates

« FOIL inductively generates a logical rule for the concept that cover all + and no -

LA
Lakers

playFor

‘ teammate (x,y)A playFor(y,z) = playFor(x, z)

« Computationally expensive: huge search space large, costly Horn clauses

teammate

« Must add constraints = high precision but low recall

* Inductive Logic Programming: deterministic and potentially problematic
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Path Ranking Algorithm [Lao et al., 11]

 Random walks on the graph are used to sample paths
- Paths are weighted with probability of reaching target from source

« Paths are used as ranking experts in a scoring function

NY
Knicks

h(Pa,(KB,LAL)) = 0.2

teamInLeague

h(Pa,(KB,LAL)) = 0.95

S(KB, playFor,LAL)= »_ @' _ .. h(pa (KB, LAL))

playFor
I  paths



Link prediction with scoring functions

« A scoring function alone does not grant a decision
« Thresholding: determine a threshold 6
(kB, playFor, LAL) is True iff S(KB, playFor, LAL)> 6

« Ranking:
« The most likely relation between Kobe Bryant and LA Lakers is:

rel =argmax.._.,. S(KB,r', LAL)

* The most likely team for Kobe Bryant is:

obj = argmax S(KB, playFor,e')

e'eents

« As prior for extraction models (cf. Knowledge Vault)

* No calibration of scores like probabilities



Random walks boost recall

0.9
0.8
0.7 -
0.6 -
0.5 -
0.4 -
0.3 -
0.2
0.1 1

O 4

m N-FOIL
m PRA

p@10 o@100 p@1000

Precision of generalized facts for three levels of recall (Lao et al. 11)
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Probabilistic Relational Models [Friedman et al., 99]

* Probabilistic Relational Models are directed graphical models that
can handle link and feature uncertainty

» Probabilistic inference to predict links but also duplicates, classes,
clusters, etc. based on conditional probability distributions

Strain

* Limitations:

 Careful construction: must avoid cycles

Contact

» Generative process that models both
observations and unknowns

 Tractability issues
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Relational Markov Networks [Taskar et al., 02]

« Discriminative model: performs inference over the unknowns only

- Discriminant function: P(X =X) = %exp(Z:Wi f.(x))

Label 1 @

s AN AR
TR
I
R
IR

 Drawbacks: K

1 feature for each state of each clique (large)

RS

MAP estimation with belief propagation (slow)



Markov Logic Networks [Richardson & Domingos, 00]

« Knowledge graph = set of hard constraints on the set of possible worlds
« Markov logic make them soft constraints

When a world violates a formula, it becomes less probable but not impossible

 Formulas
 Constants: KB, LAL, NBA
« Variables: x, y ranging over their domains (person, team, etc.).
* Predicates: teammate (x, V)
e Atom: teammate (KB, x)

* Ground atom: teammate (KB, PQG)

Number of true groundings of formula i

Weight of formula i

« A Markov Logic Network (w, F) is a set of weighted firs{corder formulas

* Probability of a grounding x:
P(X =30)=-exp(Zwn ()

ek

* Higher weight (1 stronger constraint
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Probabilistic Soft Logic [Bach et al., 13]

« Framework where rules have continuous truth values
« Atoms like teammate (KB, x) are continuous random variables
« Each predicate has a weight like in MLNs

- Probability of a grounding:

Rule’s weight Rule’ s distance to satisfaction

= A e =,

Probability | Distance
density over )= ZexP[_ Ar(dr(1))P] exponent
interpretation | TER in{1, 2}

Set of ground
rules

Normalization
constant

* Inference is very tractable: convex optimization problem.
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Multiple Relational Clustering [Kok & Domingos, 07]

« Hypothesis: multiple clusterings are necessary to fully capture the
interactions between entities

Predictive of playFor
Some are friends v\

Some are teammates /
\ teammate teammate

Kobe Michael
Bill

Friends

Pau

Predictive </David

<— | Friends

of hobbies \
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Multiple Relational Clustering [Kok & Domingos, 07]

 Markov Logic framework:
« Create an unary predicate for each cluster e.g. cluster22 (x)
* Multiple partitions are learnt together

« Use connections:

Cluster relations by entities they connect and vice versa

« Use types:
Cluster objects of same type
Cluster relations with same arity and argument types

« Learning by greedy search and multiple restarts maximizing posterior

» Link prediction is determined by evaluating truth value of grounded
atoms such as playFor (KB, LAL)
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Stochastic Blockmodels [Wang & Wong, 87]

« Blockmodels: learn partitions of entities and of predicates
« Partition entities/relations into subgroups based on equivalence measure.
* For each pair of positions presence or absence of relation.

« Structural equivalence: entities are structurally equivalent if they have
identical relations to and from all the entities of the graph

 Stochastic blockmodels:
* Underlying probabilistic model

« Stochastic equivalence: two entities or predicates are stochastically
equivalent if they are “exchangeable” w.r.t. the probability distribution
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Infinite Relational Models [Kemp et al., 03]

* Infinite: number of clusters increases as we observe more data

* Relational: it applies to relational data

UGrads

164823597

1
Profs 6
4
8

|- .. - Grads%
2
- N UGrads? J

OONOOPEWN =

Adjacency matrix Cluster hierarchy

* Prior assigns a probability to all possible partitions of the entities

* Allow number of clusters to adjust as we observe more data

« Chinese Restaurant Process: each new object is assigned to an
existing cluster with probability proportional to the cluster size.
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Example

Semantic network with 135 concepts and 49 binary predicates.

Finds 14 entities clusters and 21 predicate clusters

.

a) Concept clusters Predicate clusters
1.0rganisms | 2.Chemicals | 3.Biological functions | 4.Bio-active substances 5.Diseases [affects] analyzes
Alga Amino Acid Biological function Antibiotic Cell dysfunction assesses effect of
Amphibian |Carbohydrate Cell function Enzyme Disease measures
Animal Chemical Genetic function Poisonous substance Mental dysfunction diagnoses
Archaeon Eicosanoid Mental process Hormone Neoplastic process indicates carries out|
Bacterium Isotope Molecular function  |Pharmacologic substance| Pathologic function prevents exhibits
Bird Steroid Physiological function Vitamin Expt. model of disease treats performs
b)
12 affects interacts with causes complicates analyzes assesses effect of
1 :H %
- i b
11
3 8 DR
| H e | :E:E i
= = | = a =4 i i ol

Scalability issues with very large knowledge graphs
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Variants of SBMs

 Mixed membership stochastic block models [Airoldi et al., 08]
* Nonparametric latent feature relational model [Miller et al., 09]

» Hybrid with tensor factorization [Sutskever et al., 09]
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Factorization methods

« Matrix factorization is successful: collaborative filtering,
recommendation, etc.

« Extension to multi-relational case A

Qpponent

teaminLeague

Kobe Bryant

playlnLeague

e
2
N\

e Collective matrix factorization or tensor factorization
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Tensor factorization

« Many methods available: PARAFAC, Tucker, DEDICOM, etc.

« Example of PARAFAC [Harschman, 70]

VANV S

| ] ] |

. by £ b dl- e el br
X
ETI i;2 a}
« Decomposition as a sum of rank-one tensors
R

i | i

S(KB, playFor, LAL) = > aigb} u, Chiayror

i=1
A, Band C are learned by alternating least squares

* Does not take advantage of the symmetry of the tensor



RESCAL [Nickel et al., 11]

« Collective matrix factorization inspired by DEDICOM

j-th entity

i-th entity

. I
[
' —_—> ‘§||||||P
\\\\\\\\\\\\/////;i:; relation

* Asingle matrix A stores latent representations of entities (vectors)

« Matrices R, store latent representations of relations

- score: S(KB, playFor, LAL) = aKBRpIayFor AL



RESCAL [Nickel et al., 11]

j-th entity

i-th entity @
: — 40
S

\Ah relation

« Training with reconstruction objective:

.1
min, E(ZII X, —ARA' ||i]+ A AR +2 2. IR
K k

« Optimization with alternating least squares on A and R,
« Faster than PARAFAC.



Factorization outperforms clustering

0.9

0.8 -

0.5 -
Kinships UMLS Nations

m |IRM

m MRC

m PARAFAC
m RESCAL

F1-score in link prediction on 3 benchmarks (Nickel et al. 11)
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Embedding models

* Related to Deep Learning methods
» Entities are vectors (low-dimensional sparse)

« Relation types are operators on these vectors

NY
Knicks

teaminLeague

Kobe Bryant
Pau Gasol

NBA teaminLeague
E NY Knicks -

LA Lakers olayFor

playlnLeague

 Embeddings trained to define a similarity score on triples such that:

S(KB, playFor, LAL) >S(KB, playFor, NYK)



Training embedding models

« Training by ranking triples from the KG vs negative (generated)

* For each triple from the training set such as (kB, playFor, LAL):

1. Unobserved facts (false?) are sub-sampled:
(Kobe Bryant, opponent, LA Lakers)
(Kobe Bryant, playFor, NY Knicks)
(NBA, teammate, LA Lakers)
Etc...

2. Itis checked that the similarity score of the true triple is lower:

S(KB, playFor, LAL) >S(KB, playFor, NYK)+1

3. If not, parameters of the considered triples are updated.

» Optimization via Stochastic Gradient Descent



Structured Embeddings [Bordes et al., 11]

« Each entity = 1 vector

 Each relation = 2 matrices

_ _ _ S(KB, playFor, LAL)
« Score: L1 distance between projected embeddings

S(KB,pIayFor,LAL):HMS“b e —M® g

playFor ¥KB playFor ~LAL H

1

X

Kobe Bryant playFor LA Lakers



Translating Embeddings [Bordes et al. 13]

« Simpler model: relation types are translation vectors

Jane @
childOf
vory ‘ Austin

Miami

bornin

Mary

Jane
Patti
Patti

S(john, bornin, miami) = |

ejohn + €hornin — €

miami ‘2

* Much fewer parameters (1 vector per relation).

JOPIIYS



The simpler, the better

48

46
45
44
43
42
41
40
39

Predictions in the Top-10 (%)

47 -

_.Translation-based Model

¢

Tensor Factorization (RESCAL)

ABiIinear Model (SME)

[ Projection Matrices (SE)

T 1

0 20 40 60 80

Number of parameters (in millions)

100

Ranking object entities on a subset of Freebase [Bordes et al. 13]
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Using knowledge graph and text together

Why not merging relation extraction and link prediction in the same model?

Extracted facts should agree both with the text and the graph!

pIa?TN

LA Lakers

NY

Knicks
teaminLeague opponent

B CLIRSTWEI Ml the franchise player of  the Lakers” LA Lakers

“Kobe once again saved his team”

“Kobe Bryant man of the match for | os Angeles”

laylnL
playin.eague Pau Gasol

teammate



Joint embedding models [Bordes et al., 12; Weston et al., 13]

»  Combination of two scores: [S(.)=S,,(-)+ Sz (.)

(trained separately)

- S (KB, playFor, LAL) = <WT(D(m)’ eplayFor1> inspired by WSABIE (Weston et al., 10)

= I I epIayFor
®(mentions) | ..0100...10...010 ..

“Kobe Bryant, the franchise player of the Lakers” S . (.)
z . mention
Kobe once again saved his team”

“Kobe Bryant man of the match for Los Angeles”

+ S (KB, playFor, LAL) = [e + eplayporzb;meLALHZ
L G -

(translating embeddings)

JOPIYd




Using stored information improves precision even more

0.9

— Surdeanu

— Hoffmann
— Wsabie M2R
Riedel

precision

0 1 1 1 1 1 1 1 1 1
4 —0.0T 002 0.03 004 005 006 007 008 009 0.1
recall

Precision-recall curves on extracting from New York Times articles to
Freebase [Weston et al., 13]



Universal schemas [Riedel et al., 13]
« Join in a single learning problem link prediction and relation extraction

« The same model can score triples =
made of entities linked with: Z Z ja=m B

» extracted surface forms from text > v '
» predicates from a knowledge base

Ferguson,Harvard

°
g
<]
§
§

Firth,Oxford

Gaodel,Princeton
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Universal schemas [Riedel et al., 13]

- Combination of three scores: |S(.) = Spention (-) T Seg () + Speighpors ()

(KB, playFor, LAL) = (€ qron: Epiayrort )

mentlon mention? ~ playForl

SFB (KB’ playFOr, LAL) - <ei’l:2y|:0r2’ eKB>+<ec|C)>?zJ;1yFor2’ eLAL>
(KB, playFor,LAL)= ), = wl¥™

rel
(KB,rel',LAL)
rel'=playFor

nelghbors

« Embeddings for entities, relations and mentions.

« Training by ranking observed facts versus others and making updates
using Stochastic Gradient Descent.



Using stored information (still) improves precision

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

0

MAP
Weighted Mean Averaged Precision on a subset of relations of
Freebase [Riedel et al. 13]

m Mintz
m Surdeanu
® Universal schemas

(only Stext)
m Universal schemas
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RESOURCES
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Related tutorial — here at KDD (later today) !

Bringing Structure to Text: Mining Phrases, Entity
Concepts, Topics & Hierarchies

by Jiawei Han, Chi Wang and Ahmed EI-Kishky

Today, 2:30pm
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Relevant datasets

Wikipedia
« http://en.wikipedia.org/wiki/Wikipedia:Database download

Freebase

* https://developers.google.com/freebase/data

YAGO

o http://www.mpi-inf. mpg.de/departments/databases-and-information-
systems/research/yago-naga/yago/downloads/

DBpedia
e http://wiki.dbpedia.org/Datasets

OpenlE/Reverb

« http://reverb.cs.washington.edu/
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Relevant competitions, evaluations, and workshops

 Knowledge Base Population (KBP) @ TAC
http://www.nist.gov/tac/2014/KBP/

« Knowledge Base Acceleration (KBA) @ TREC
http://trec-kba.org/

» Entity Recognition and Disambiguation (ERD) Challenge @ SIGIR
2014

http://web-ngram.research.microsoft.com/erd2014/

« INEX Link the Wiki track
http://link.springer.com/chapter/10.1007/978-3-642-23577-1 22

 CLEF eHealth Evaluation Lab
http://link.springer.com/chapter/10.1007/978-3-642-40802-1 24
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Relevant competitions, evaluations, and workshops (cont'd)

« Named Entity Extraction & Linking (NEEL) Challenge
(#Microposts2014)

http://www.scc.lancs.ac.uk/microposts2014/challenge/

« LD4IE 2014 Linked Data for Information Extraction
http://trec-kba.org/
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Tutorials

Entity linking and retrieval tutorial (Meij, Balog and Odijk)

o http://ejmeij.qithub.io/entity-linking-and-retrieval-tutorial/

Entity resolution tutorials (Getoor and Machanavajjhala)
e http://www.umiacs.umd.edu/~qgetoor/Tutorials/ER VLDB2012.pdf

e http://lings.cs.umd.edu/projects/Tutorials/ER-AAAI12/Home.html

Big data integration (Dong and Srivastava)
« http://lunadong.com/talks/BDI_vildb.pptx

Tensors and their applications in graphs (Nickel and Tresp)

e http://www.cip.ifi.Imu.de/~nickel/iswc2012-learning-on-linked-data/

Probabilistic soft logic (Bach et Getoor)

e http://psl.umiacs.umd.edu/
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Data releases from Google

1. Automatic annotation of ClueWeb09 and ClueWeb12 with
Freebase entities (800M documents, 11B entity mentions)

2. Similar annotation of several TREC query sets (40K queries)

3. Human judgments of relations extracted from Wikipedia
(50K instances, 250K human judgments)

4. Triples deleted from Freebase over time (63M triples)

Mailing list:

goo.gl/MJb3A




SUMMARY
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Knowledge is crucial yet difficult to acquire

« Knowledge is crucial for many Al tasks

« Knowledge acquisition
* From experts: slow and mostly reliable
« From non-experts: faster and not always reliable

- Automated: fastest and most scalable, yet noisiest

« Knowledge availability
A lot can be found online
A lot cannot be found

* Aot cannot be extracted using today’s methods

KDD 2014 Tutorial on Constructing and Mining Web-scale Knowledge Graphs, New York, August 24, 2014 157



Where we are today

 We can extract a lot of knowledge from text and model its
correctness

« Enforcing structure makes the extraction problem easier yet
imposes limitations

« Leveraging existing knowledge repositories helps a lot
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Next steps

« We need new extraction methods, from new sources

« Extracting from modalities other than text appears promising yet
mostly unexplored

Plenty to be learned, problems are far from solved!
» Vibrant research area
» Numerous open research questions
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