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Knowledge from text

I Information extraction
I input: schema of desired knowledge base
I output: populate schema from text resources

I Question answering
I input: natural language questions
I output: natural language answers
I intermediate representation usually includes structured

knowledge base



The six Ws

I Who, what, where, when, why, how?
I IE is mostly concerned with the first four.

I who/where: named entity extraction and coreference
(we’ve already talked about this)

I what: usually defined in terms of relations between entities
I when

I parsing time expressions, finding the temporal order of events
I this is a big part of IE, but I’m not going to talk about it today
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The Information Extraction pipeline

I Unstructured source: At a meeting of the Thirteen, Pyat Pree

tells Daenerys he has her dragons in the House of the Undying.

I Annotated entities: At a meeting of <ORG>the

Thirteen</ORG>, <PER>Pyat Pree</PER> tells

<PER>Daenerys</PER> that he has <OBJ>her

dragons</OBJ> in the <PER>House of the Undying</PER>.

I Linked entities:
I <PER>Pyat Pree</PER> → Pyat Pree
I <PER>Daenerys</PER> → Daenerys Targaryen

I Relations:
I Pyat Pree <HAS> Dragons
I Dragons <LOCATED-IN> House of the Undying

I Events:
Possession: [Object: dragons; Location: House of
the Undying; Possessor: Pyat Pree]
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Named entity recognition

Find and tag mentions of entities in text.
At a meeting of <ORG>the Thirteen</ORG>,
<PER>Pyat Pree</PER> tells <PER>Daenerys</PER>
that he has <OBJ>her dragons</OBJ> in the
<PER>House of the Undying</PER>.



NER with rules

Entity recognition can be performed with rules.

I These rules are from GATE (General Arch. for
Text Engineering), http://gate.ac.uk/

I Rules may leverage POS tags and dictionaries.

http://gate.ac.uk/


NER with rules

I Rules may overlap or disagree; the better the coverage, the
more likely this is.

I Arbitrating disagreements is a complex engineering task.

I One solution: order rules by precision on training data.



NER as Sequence Labeling

Pyat/B-PER Pree/I-PER tells/O Daenerys/B-PER that/O
he/O has/O her/B-OBJ dragons/I-OBJ ...

I Tags: B,I,O for each entity type

I Features: bag-of-words, word shape (characters), dictionary
(list of known names), part-of-speech...

I Method: sequence labeling

ŷ = argmax
y

∑
i

θ>f (w , yi , yi−1, i)

I Hidden Markov Model: θ = argmaxθ P(w , y ;θ)
I Conditional Random Field: θ = argmaxθ P(y | w ;θ)
I Structured Perceptron: θ(t+1) ← θ(t) + f (w , y)− f (w , ŷ)



Features on spans of text

I Dictionaries may contain multitoken spans
(e.g. The House of the Undying)

I We want features that fire when a span matches a dictionary entry.
f (w , yi , yi ′ , i

′, i): set of features for the span from i ′ + 1 to i

I Can we still use Viterbi?

I Can we still use dynamic programming?

V (i , y) =


maxy′ maxi′∈i−L,...,i−1 V (i ′, y ′) + θ>f (w , yi , yi′ , i

′, i), i > 0

0, i = 0

−∞, i < 0

I Complexity: O(MLK 2), with M = #|w |,K = #|Y|, L = max span
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Entity linking

Goal: link entity mentions to knowledge base entries.
Like multi-document coreference resolution, but must ultimately
resolve to KB entry.



Entity linking: challenges

From Rao et al (2010)

1. Name variations: Boston Symphony Orchestra vs BSO,
Qaddafi vs Gadaffi, etc

2. Name polysemy: Washington (person, place, football team,
US Government, ...)

3. Absence: many entities do not appear in the KB.

These challenges are especially tough in combination:
William Clinton is a variation of Bill Clinton, but appears in
Wikipedia as two other individuals.



Entity linking: steps

Candidate identification

I Brute force: check Google Knowedge Graph for all strings
that could link to an entity

I Add source document coreference resolution

Ranking Supervised formulation (Dredze et al 2010):

min
θ

||θ||22

s.t. θ>f (w i , yi ) > max
ŷ 6=yi

θ>f (w i , ŷ)

Features:

I String match

I Popularity

I Local context and entity type

I Document context (similar entities)
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Finding tacit context in the social network

I Social media texts lack
context, because it is
implicit between the
writer and the reader.

I Homophily: socially
connected individuals tend
to share traits.



Evidence for linguistic homophily



  



  



  



We project embeddings for entities, words, and
authors into a shared semantic space.

“Dirk Novitsky”

“the warriors”

Inner products in this space indicate compatibility.



Results

Classifier Struct Struct+Social S-MART

64
66
68
70
72
74
76
78

F
1 Dataset

NEEL

TACL

+3.2

+2.0

I Structure prediction improves accuracy.

I Social context yields further improvements.

I S-MART is the prior state-of-the-art
(Yang & Chang, 2015).
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Relations

A relation is a predication about a pair of entities.

I Davos works for Stannis

I King’s Landing is in Westeros

I Joffrey’s father is Jaime

Relations are typically permanent.



Example relations

From the Automatic Content Extraction (ACE) 2004 Task:



Relations in text

I Typically we focus on cases in which the relation and the two
entities are all mentioned in the same sentence. (Exception:
Robert and Cersei were married. A son was born the next year)

I Relation extraction requires coreference resolution.
I He has her dragons:

Pyat Pree <HAS> Daenerys’ dragons
I Eddard died. His daughter, Sansa, said the Eulogy.

I Must resolve his to Eddard and his daughter to Sansa
I Then we can recover Sansa <Daughter-of> Eddard

I Micro-reading: correctly identify every relation mention

I Macro-reading: correctly identify every relation in the text
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Knowledge-base population (KBP)

Extract attributes for each named person or organization:

entity house father mother position
Arya Stark Eddard Catelyn
Daenerys Targaryen Aerys Mother-of-dragons
Qhorin commoner Knight-of-the-Watch

KBP is similar to relation extraction.

I Columns define relation types

I Rows define the left entity

I Cells define the right entity



Relations from patterns

I Early idea: lexical patterns, like regular expressions
I Possible patterns for Person lives-in Location:

I person lives in location
I person lived in location
I person has lived in location
I person resides in location

I Can we generalize beyond lexical patterns?

I morphological analysis
I phrase chunking
I lexical semantics
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Relations from patterns

I Early idea: lexical patterns, like regular expressions
I Possible patterns for Person lives-in Location:

I person <vgroup synset=live#1> in location

I Can we generalize beyond lexical patterns?
I morphological analysis
I phrase chunking
I lexical semantics



Syntactic patterns

Given a dependency parse, we can define more flexible patterns:

Tyrion, hand of the King, lives in King’s Landing

nsubj

pobj-in



Supervised relation extraction

We can develop a classifier for each relation type, or a general
classifier for detecting relations of any type.

I Feature-based classification
I Compute features of each proposed relation
I Learn weights from labeled data

I Kernel-based classification
I Kind of like K-nearest-neighbors classification
I The label for a test instance should be based on similar

training instances



Feature-based relation extraction

Tyrion Lannister, hand of the king , lives in King’s Landing

nsubj

pobj-in

I Heads: Lannister, Landing, lives

I POS: NNP, VBZ, NNP

I Types: PER, LOC

I Distance: six words, zero entities

I Words between entities: hand; of; the; King; lives; in

I Path: nsub↑-pobj-in↓
I Path-words: lives-in



K-nearest neighbor classification

I Most of the learning methods
considered in the course are linear
classifiers.

I What if we need a non-linear
classification rule?

I K-nearest-neighbors: let “most
similar” instances in training set
vote.

I Kernel methods generalize this
idea.



Kernel-based classification

A kernel function maps from pairs of instances to a non-negative
real value.

K : X × X → R+

I K (x1, x2) arises from inner product of (implicit) feature
vectors in margin constraint,

K (x1, x2) = f(x1) · f(x2). (1)

I Large if x1 and x2 are similar.
I Matrix K must be positive semi-definite.

I However, we define K explicitly, rather than f .



Dependency kernel example

Tyrion, hand of the King, lives in King’s Landing

nsubj

pobj-in

The mayor has lived in Cascade Heights . . .

nsubj
det

pobj-in

K (x1, x2) =

1

+ 1

+ 1

+ 0

=3



Dependency kernel example

Tyrion, hand of the King, lives in King’s Landing

nsubj

pobj-in

The mayor has lived in Cascade Heights . . .

nsubj
det

pobj-in

K (x1, x2) = 1

+ 1

+ 1

+ 0

=3



Dependency kernel example

Tyrion, hand of the King, lives in King’s Landing

nsubj

pobj-in

The mayor has lived in Cascade Heights . . .

nsubj
det

pobj-in

K (x1, x2) = 1

+ 1

+ 1

+ 0

=3



Dependency kernel example

Tyrion, hand of the King, lives in King’s Landing

nsubj

pobj-in

The mayor has lived in Cascade Heights . . .

nsubj
det

pobj-in

K (x1, x2) = 1

+ 1

+ 1

+ 0

=3



Dependency kernel example

Tyrion, hand of the King, lives in King’s Landing

nsubj

pobj-in

The mayor has lived in Cascade Heights . . .

nsubj
det

pobj-in

K (x1, x2) = 1

+ 1

+ 1

+ 0

=3



Kernel-based classification

Binary classification rule, for yi ∈ {−1, 1}

ŷ(x) = sign(
N∑
i

yiαiK (x , x i ) + b)

Each αi ≥ 0 is a parameter, which must be learned.

max
α

L(α) =
∑
i

αi −
1

2

∑
j

yiyjαiαjK (x i , x j)

s.t. αi ≥ 0,∀i∑
i

αiyi = 0

Learning typically involves inverting the kernel matrix K .
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Other training paradigms: bootstrapping

I Start with a few seed patterns

I Extract some high-confidence relations

I Induce more patterns

I Extract more relations

I ...



DIPRE (Brin, 1998)

• Relation of interest : (author, book)

• DIPRE’s algorithm:

– Given a small seed set of (author, book) pairs

1. Use the seed examples to label some data.

2. Induces patterns from the labeled data.

3. Apply the patterns to unlabeled data to get new set of 
(author,book) pairs, and add to the seed set.

4. Return to step 1, and iterate until convergence criteria is 
reached



. . .
. . .

Seed: (Arthur Conan Doyle, The 

Adventures of Sherlock Holmes)

A Web crawler finds all documents 

contain the pair.



. . .
. . .

…

Read The Adventures of Sherlock Holmes by Arthur Conan Doyle
online or in you email

…

Extract tuple:

[0, Arthur Conan Doyle, The Adventures of Sherlock Holmes,
Read, online or, by]

A tuple of 6 elements: [order, author, book, prefix, suffix, middle]

order = 1 if the author string occurs before the book string, = 0 otherwise

prefix and suffix are strings contain the 10 characters occurring to the left/right of the match

middle is the string occurring between the author and book



…

know that Sir Arthur Conan Doyle wrote The Adventures of
Sherlock Holmes, in 1892

… . . .
. . .

Extract tuple:

[1, Arthur Conan Doyle, The Adventures of Sherlock Holmes,
now that Sir, in 1892, wrote]



. . .
. . .

…

When Sir Arthur Conan Doyle wrote the adventures of Sherlock
Holmes in 1892 he was high

...

Extract tuple:

[1, Arthur Conan Doyle, The Adventures of Sherlock Holmes,
When Sir, in 1892 he, wrote]



Extracted list of tuples:

[0, Arthur Conan Doyle, The Adventures of Sherlock Holmes, Read, online or, by]

[1, Arthur Conan Doyle, The Adventures of Sherlock Holmes, now that Sir, in 1892, wrote]

[1, Arthur Conan Doyle, The Adventures of Sherlock Holmes, When Sir, in 1892 he, wrote]

…

Group tuples by matching order and middle and induce patterns

Induce patterns from group of tuples:

[longest-common-suffix of prefix strings, author, middle, book, longest-common-prefix of suffix strings]

Pattern:

[Sir, Arthur Conan Doyle, wrote, The Adventures of Sherlock Holmes, in 1892]

Pattern with wild card expression:

[Sir, .*?, wrote, .*?, in 1892]



Use the wild card patterns    [Sir, .*?, wrote, .*?, in 1892]

search the Web to find more documents

…

Sir Arthur Conan Doyle wrote Speckled Band in 1892, that is
around 62 years apart which would make the stories

…

Extract new relations:

(Arthur Conan Doyle, Speckled Band)

Repeat the algorithm with the new relation.



Other training paradigms: distant supervision

Problems with bootstrapping (Mintz et al, 2009)

I [Steven Spielberg]’s film [Saving Private Ryan] is loosely
based on the brother’s story
(Spielberg could be producer, actor)

I Allison co-produced the award-winning [Saving Private Ryan],
directed by [Steven Spielberg]
(Saving Private Ryan might not be a film)

Distant supervision

I Start with a large set of known relations (e.g. from Freebase)

I Collect all sentences that include both entities in the relation.
These are positive training instances.

I Sample negative training instances (for example, sentences
that contain one entity in a relation but not both).
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Distant supervision performance
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the Undying; Possessor: Pyat Pree]



The Information Extraction pipeline

I Unstructured source: At a meeting of the Thirteen, Pyat Pree

tells Daenerys he has her dragons in the House of the Undying.

I Annotated entities: At a meeting of <ORG>the

Thirteen</ORG>, <PER>Pyat Pree</PER> tells

<PER>Daenerys</PER> that he has <OBJ>her

dragons</OBJ> in the <PER>House of the Undying</PER>.

I Linked entities:
I <PER>Pyat Pree</PER> → Pyat Pree
I <PER>Daenerys</PER> → Daenerys Targaryen

I Relations:
I Pyat Pree <HAS> Dragons
I Dragons <LOCATED-IN> House of the Undying

I Events:
Possession: [Object: dragons; Location: House of
the Undying; Possessor: Pyat Pree]



Event extraction

I Relations are predications involving two arguments.

I Events are predications involving arbitrary numbers of
arguments.



Representing events



Event templates

In supervised event extraction, each event type has a template of
relevant attributes.

Typical approach: train classifiers for each slot in the template



Collective relation extraction

Joint reasoning about both language understanding and the
underlying semantics.

(Yao, Riedel, and McCallum, 2010)



Collective relation extraction

Joint reasoning about both language understanding and the
underlying semantics.

(Lao, Subramanya, Pereira, and Cohen, 2012)



Next steps: Processes

(Berant et al, 2014)



Processes

Berant et al (2014): a process is a directed graph, involving

Event triggers introduce events, e.g. split. They are nodes in the
graph.

Arguments are entities that participate in events. They are
nodes, connected to event triggers by edges labeled
by semantic role.

Event-event relations are edges between event trigger nodes,
including

I cause, enable, prevent, and their disjunctions
and conjunctions

I super: one event is part of another

Process graph induction is formulated as an integer linear program.



Next steps: beliefs and evidence

Possibly factual United States may extend its naval quar-
antine to Jordans Red Sea port of Aqaba.

Possibly counter-factual They may not have enthused him for
their particular brand of political ideal-
ism.

Source-specific factuality Izvestiya said that the G-7 leaders pre-
tended everything was OK in Russia’s
economy.

Epistemic marking He saw the gunman, The editorialist spec-
ulated ...



FactBank

FactBank is a corpus of factuality annotations (Sauŕı and
Pustejovsky 2009).



FactBank Annotations and Modeling

(de Marneffe, Manning, and Potts 2012)



FactBank Annotations and Modeling

(de Marneffe, Manning, and Potts 2012)
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