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What is Text Information Extraction?

October 14, 2002, 4:00 a.m. PT

For years, Microsoft Corporation CEO Bill 

Gates railed against the economic philosophy 

of open-source software with Orwellian fervor, 

denouncing its communal licensing as a 

"cancer" that stifled technological innovation.

Today, Microsoft claims to "love" the open-

source concept, by which software code is 

made public to encourage improvement and 

development by outside programmers. Gates 

himself says Microsoft will gladly disclose its 

crown jewels--the coveted code behind the 

Windows operating system--to select 

customers.

"We can be open source. We love the concept 

of shared source," said Bill Veghte, a 

Microsoft VP. "That's a super-important shift 

for us in terms of code access.ñ

Richard Stallman, founder of the Free 

Software Foundation, countered sayingé

NAME          TITLE   ORGANIZATION

Bill Gates              CEO           Microsoft

Bill Veghte             VP             Microsoft

Richard Stallman    Founder   Free Software 

Foundation

Finding Certain Types of Information from Texts Relevant to 

Usersô Interest



What is Text Information Retrieval

The Singapore Infomap (www.sg) 

is your first stop portal to 

Singapore. With links to general 

Singapore facts and resources, 

latest news and events, ...

The Singapore Infomap (www.sg) 

is your first stop portal to 

Singapore. With links to general 

Singapore facts and resources, 

latest news and events, ...

Singapore

The Singapore Infomap (www.sg) 

is your first stop portal to 

Singapore. With links to general 

Singapore facts and resources, 

latest news and events, ...

The Singapore Infomap (www.sg) 

is your first stop portal to 

Singapore. With links to general 

Singapore facts and resources, 

latest news and events, ...

Finding Information from Texts Relevant to Query



Information Extraction vs Information Retrieval

IE System

IR System

Unstructured Data Structured Data

Structured Data

Unstructured Data

Information

Access



Information Extraction vs Information Mining

IE System

IM System

Unstructured Data Structured Data

Structured Data

Unstructured Data

Information

Analysis
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Information Extraction 

= Tagging or Parsing



Tagging Problem

ÅGreen nodes are states

ÅPurple nodes are observations



Example: POS Tagging Problem

Time flies like an arrow

Verb

Noun

Verb

Noun

Verb

Preposition

Article Verb

Noun



Technologies for Information Extraction 

(Tagging)

ÅHidden Markov Model (HMM)

ÅMaximum Entropy (ME)

ÅMaximum Entropy Markov Model (MEMM)

ÅConditional Random Fields (CRF)

ÅPerceptron

ÅSupport Vector Machines (SVM)



General Framework



General Framework for 

Information Extraction
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Generative vs. Discriminative 

Generative Discriminative 

Example: HMM
Example: ME, MEMM, CRF, 

Perceptron

Learning = learning a model 

generating observation sequence 

from state sequence

Learning = learning a model mapping 

observation sequence to state 

sequence

Tagging = finding most likely state 

sequence having generated given 

observation sequence

Tagging = finding most likely state 

sequence mapped from given 

observation sequence

)|( SOP )|( OSP

States generates

observations

Observations

(features)

determine states



Assumption 1: Generative One-

Directionally and Locally 

Dependent Model

Hidden Markov Model (HMM)



Assumption 2: Discriminative 

Independent Model

Classifier:

Maximum Entropy Model (ME)



Assumption 3: Discriminative One-

Directionally and Locally Dependent 

Model

Maximum Entropy Markov Model (MEMM)



Assumption 4: Discriminative 

Two-Directionally and Locally 

Dependent Model

Conditional Random Fields (CRF)

Perceptron

Support Vector Machines



ME



ME Formalism

ÅS : {1,2,é,N } are values of states

ÅO : {1,2,é,M} are values of observations
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ME Formalism
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Tagging
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ÅViterbi algorithm



Learning

ÅNo analytic solution

ÅAlgorithms: Improved Iterative Scaling, Quasi 

Newton method
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MEMM

(McCallum et al 2000)



MEMM Formalism

ÅS: {1,2,é,N } are values for states

ÅO: {1,2,é,M } are values for observations
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MEMM Formalism

ä ä

ä

=

=

=

«««

y k

kk

k

kk

yyxfxyZ

xyZ

yyxf

xyyP

xyyPOssP

xOysys

)),',(exp(),'(

),'(

)),',(exp(

),'|(

),'|(),'|(

,'',

l

l

's s

O



Tagging

ÅViterbi algorithm
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ÅNo analytic solution

ÅAlgorithms: Improved Iterative Scaling, Quasi 

Newton method



CRF

(Lafferty et al 2001)



Markov Random Fields
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MEMM CRF

Normalization is global
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CRF Formalism

ÅS: {1,2,é,N} are values of states

ÅO: {1,2,é,M } are values of observations

1s

1o

1-ts

1-to

ts

to

1+ts

1+to

Ts

To

)|( OSP



CRF Formalism
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CRF Formalism: Matrix Notation
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Tagging

ÅViterbi algorithm
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Learning
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Maximum Likelihood



Perceptron

(Collins 2002)



Perceptron Formalism

ÅS: {1,2,é,N} are values of states

ÅO: {1,2,é,M } are values of observations
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Perceptron Formalism

ä Ö=F
k

kk
YY

XYFXY ),(maxarg),(maxarg l

),(),(

,

XYOS

XOYS

F=F

««

ää
==

- ==
T

t

tkk

T

t

ttkk XytgXYFXyytfXYF
11

1 ),,(),(or ),,,(),(



oTo1 otot-1 ot+1

Tagging

ÅViterbi algorithm
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Tasks



Information Extraction Tasks

ÅPart-of-Speech Tagging

ÅNoun Phrase Extraction

ÅNamed Entity Recognition

ÅChinese Word Segmentation

ÅNatural Language Parsing 

ÅEvent Extraction

ÅAnswer Extraction for Question Answering

ÅDocument Meta Data Extraction

ÅWeb Data Extraction



Case Study: HTML Title 

Extraction (Hu et al 2005)



Motivation

ÅTitle of HTML document should be defined in 

title filed

ÅTitle fields of HTML documents are not 

reliable

Data 

Set

Num. of HTML 

docs

Empty title 

fields

Duplicated 

title fields

TREC 1,053,111 5.8% 26.9%



ÅInput: HTML document (web page)

ÅOutput: title(s) from body of HTML document

Title Extraction Task

National Weather Service 

Oxnard

Los Angeles Marine 

Weather Statement 

HTML document

Extracted titles



Title Extraction Processing 

ÅTitle extraction as information extraction

ÅUsing DOM tree

ÅLeaf node containing ótextô as unit (instance)

ÅMainly using format information

Title



DOM Tree

HTML document DOM tree



Features for Information Extraction
ÅRich format information
ïFont size: 1~7 levels

ïFont weight: bold face or not

ïFont family: Times New Roman, Arial, etc

ïFont style: normal or italic

ïFont color: #000000, #FF0000, etc

ïBackground color: #FFFFFF, #FF0000, etc

ïAlignment: center, left, right, and justify.

ÅTag information
ïH1,H2,é,H6: levels as header

ïLI: a listed item

ïDIR: a directory list 

ïA: a link or anchor

ïU: an underline

ïBR:  a line break

ïHR: a horizontal ruler

ïIMG: an image

ïClass name: ósectionheaderô, ótitleô, ótitlingô,ô headerô, etc.



Features for Information Extraction

ÅPosition information
ïPosition from beginning of body

ïWidth of unit in page

ÅDOM tree information
ïNumber of sibling nodes in the DOM tree.

ïRelations with root node, parent node and sibling nodes in terms 
of font size change, etc. 

ïRelations with previous leaf node and next leaf node, in terms of 
font size change, etc.

ÅLinguistic information
ïLength of text: number of characters

ïLength of real text: number of alphabetic letters

ïNegative words: óbyô, ódateô, óphoneô, ófaxô, óemailô, óauthorô, etc.

ïPositive words: óabstractô, óintroductionô, ósummaryô, óoverviewô, 
ósubjectô, ótitleô, etc.
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Summary on Information Extraction

ÅInformation Extraction = Tagging

ÅGenerative model vs discriminative model

ÅDependent models: MEMM, HMM, CRF

ÅAccuracy: CRF > Perceptron > MEMM > 

HMM > ME

ÅTasks: named entity recognition, metadata 

extraction, etc
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Information Retrieval = Ranking



General Framework



General Framework for Information 

Retrieval
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Relevance

ÅNo rigorous definition

ÅQuery = ñsoccerò, document = about soccer 

Ą document relevant

ÅJudgment by humans: several discretized 

levels, e.g. ñdefinitely relevantò, ñpartially 

relevantò



Key Factor for Relevance: Matching 

between Query and Document

q

d

qô
q

q)|,( Ddqf



Probabilistic Model
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Okapi or BM25
(Robertson and Walker 1994)
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Language Mode 
(Ponte and Croft 1998; Lafferty and Zhai, 2001)
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Classification Model
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Learning to Rank Model 
(Herbrich et al., 2000; Chris Burges 2005)
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General Model for Ranking (2)
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Importance

ÅNo rigorous definition

ÅCitation, quality, freshness

ÅIndependent of query



Page Rank
(Brin and Page, 1998)
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Ranking SVM

(Herbrich et al 2000)



Ranking SVM

ÅGiven

ÅWe learn a function

ÅConsider a linear function

ÅTransforming to classification
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Ranking SVM (contô)

ÅRanking Model: f( x)

)(xf



Direct Application of Ranking SVM 

to Information Retrieval

ÅQuery document pair Ą feature vector

ÅCombining instance pairs from all queries



Ranking SVM for IR

(Cao et al 2006)



Applying Ranking SVM to 

Document Retrieval

ÅCost sensitiveness: negative effects of making errors on top 

d: definitely relevant, p: partially relevant, n: not relevant

ranking 1: p d p n n n n

ranking 2: d p n p n n n

ÅQuery normalization: number of instance pairs varies 
according to query

q1: d p p n n n n 

q2: d d p p p n n n n n

q1 pairs: 2*(d, p) + 4*(d, n) + 8*(p, n) = 14

q2 pairs: 6*(d, p) + 10*(d, n) + 15*(p, n) = 31



Cost Sensitiveness



Query Normalization



New Loss function
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Optimization (Quadratic Programming)
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Summary on Information Retrieval

ÅInformation Retrieval = Ranking

ÅRelevance is key

ÅState-of-art methods: BM25, Language 

Model

ÅNew trend: Learning to Rank, e.g., 

Ranking SVM



Outline of Tutorial

ÅIntroduction

ÅInformation Extraction

ÅInformation Retrieval

ÅInformation Retrieval based on Information 

Extraction

ÅSummary



Organize and Search Information 

by Type


