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What Is Text Information Extraction?

Finding Certain Types of

Information from Texts Relevant to

User so | nterest

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 i n terms of code|l access. i

Richard Stallman, founder of the Free
Software Foundati on, C

NAME TITLE ORGANIZATION

Bill Gates CEO Microsoft

Bill Veghte VP Microsoft

Richard Stallman Founder Free Software
Foundation
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What i1s Text Information Retrieval

Finding Information from Texts Relevant to Query

Singapore
The Singapore Infomap (www.sQ)
_ is your first stop portal to
The Singapore Infomap (www.sg) Singapore. With links to general
~ Is your first stop portal to v Singapore facts and resources,
Singapore. With links to general latest news and events, ...
Singapore facts and resources, The Singapore Infomap (www.sg)
latest news and events, ... > is your first stop portal to
The Singapore Infomap (www.sg) Singapore. With links to general
is your first Stop portal to Singapore facts and resources,
Singapore. With links to general latest news and events, ...

Singapore facts and resources,
latest news and events, ...



Information Extraction vs Information Retrieval

Unstructured Data Structured Data
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Information Extraction vs Information Mining
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Information Extraction
= Tagging or Parsing



Tagging Problem
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A Green nodes are states
A Purple nodes are observations



Example: POS Tagging Problem

Verb Verb Verb Article Verb




Technologies for Information Extraction
(Tagging)

A Hidden Markov Model (HMM)

A Maximum Entropy (ME)

A Maximum Entropy Markov Model (MEMM)
A Conditional Random Fields (CRF)

A Perceptron

A Support Vector Machines (SVM)



General Framework



General Framework for
Information Extraction

(0,S) Training Data

(0;,3,) | P(O|S)or P(S|0O)
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Generative VS.

Discriminative

Generative Discriminative
P(O]S) P(S|0)
Example: HMM EZ?::ZEL?;::AE, MEMM, CRF,
O

States generates
observations

PP

Observations
(features)
determine states

Learning = learning a model
generating observation sequence
from state sequence

Learning = learning a model mapping
observation sequence to state
seguence

Tagging = finding most likely state
seguence having generated given
observation sequence

Tagging = finding most likely state
seguence mapped from given
observation sequence




Assumption 1: Generative One-
Directionally and Locally
Dependent Model

¢ 6006 o

Hidden Markov Model (HMM)



Assumption 2: Discriminative
Independent Model

¢ oo o

Classifier:
Maximum Entropy Model (ME)



Assumption 3: Discriminative One-
Directionally and Locally Dependent
Model

¢ 600 o

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
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AS:{1,2,é ,N}are values of states
A O:{1,2,& ,M} are values of observations

A
P(S10)= O P(s [0)



ME Formalism

S« y,0« X
P(s|0) =P(y|Xx)

exp@ / fi.(x,¥))

P(y[x) = kZ(X)

Z(x)=a exp@ /, f (x,¥))

/ :weight f(X,Y):feature



Tagging
N

A Viterbi algorithm
X
argmgxP(S|O) = argmgx() P(s |O)
t=1

.



Learning

e (%, Y1), (X5, ¥2),3 4 (X, Va)
exp@ 7/, f . (x,y))
P(y|X) =

@ | Z(X)

Z(x)=a exp@ /fi (x,y))

argmaxg logP(y; | x)
=1

A No analytic solution

A Algorithms: Improved Iterative Scaling, Quasi
Newton method



MEMM
(McCallum et al 2000)



MEMM Formalism
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A S:{1,2,é ,N} are values for states
A O:{1,2,é ,M} are values for observations

P(S|0) = P(310)O P(s |5.,,0)



MEMM Formalism

& @ o v voe

P(s[s,0) =P(y|y.x)

@ eXp@ /k fk(X, yli y))

P(yly',X) = kz(y. "

Z(y,x)=a exp@ / f (x, ¥y, y)




Tagging
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A Viterbi algorithm

A
argmaxP(S|0) = argmaxP(s, |0)O P(s |5.,,0)

t=2



Learning

() 0y )06 Y2. )3 (%, Y0 Y,)
exp@ /i fu(x. Y. Y))

@ P(yly',X) = kZ(X )
Z(x,y)=a exp@ / f(xy.y)

argmaxg logP(y; | Y', %)

=1
A No analytic solution

A Algorithms: Improved Iterative Scaling, Quasi
Newton method



CRF
(Lafferty et al 2001)



Markov Random Fields

O\ v O

Y,

PCY Y 1Y, YH=PY 1Y, Y, ~Y )



MEMM CRF
o—0o —® o—o o
P(Y [Y.3 Y1) P(Y, [Y;3 Y.,Y,3 Y1)
=P(Y |Y_,) = P(Y Y., i+1)

)\
P(Y) =0 P(Y, Y.,

I
O7 (Y1)

P(Y) =2,

(Y., Y)>0
Z IS normalizaion factor

Normalization is global




CRF Formalism

o o

A S:{1,2,é ,N} are values of states
A O:{1,2,é ,M} are values of observations

P(S]0)



CRF Formalism
S« Y, 0« X

P(S]0) = P(Y | X)

exped /. . (Y, X)
P(Y | X) = —5&*

Z(X) =4 expad /. (Y, X)0
Y C k -

F Y. X)=a fi(t, Y Yo X) orF (Y, X) =a g, (t, ¥, X)

t=1 t=1

Note that features are local, normalization is global



CRF Formalism: Matrix Notation

M, (X) =M, (Y1, Y | X]

M, (Y, y| X) =expdL.(y', y]| X))
L.(y,yIX)=a mf.(t Y. ¥, X)

+a 1,9, Y, X)
k

T3l

O M (Yi.0, ¥, | X)

PO = M. 0OM, ()3 M (X)

start,stop



Tagging
O OO 0C

A Viterbi algorithm
expa & & (Y, X)

rgmaxP(Y | X) = argmaxlo K
argmaxP(Y | X) = argmaxiog 20X

= arngaxé a. @ (Y, X)
Kk



Learning

) e )
o @@@ Y

(X,,Y.), (X, Y)3 (X..,Y

exm@ /. @ (Y, X)o
P(Y | X)=—%&* 250

Z(X)=Q expaa/ @ (Y, X)
Y C k

|- OO

expa@ /kC"Fk(Y,X)8

argmax3 lo G K =~ Maximum Likelihood
Jmaxa 109 Z(X)




Perceptron
(Collins 2002)



Perceptron Formalism

A S:{1,2,é ,N} are values of states
A O:{1,2,é ,M} are values of observations

arngaxF (S,0)



Perceptron Formalism

S« Y,0« X
F(S,0) =F (Y, X)

argmaxF (Y, X) = arngaxé /. & (Y, X)
k

F Y. X)=a it Yew Yo X) o/ (Y, X) =a gt i, X)

t=1 =1



Tagging

coe

A Viterbi algorithm

arngaxé a @ (Y, X)
Kk



Learning

(X1, (X5, Y,).3 (X, Y;)

F(Y,X)=a /« (Y, X) Perceptron Learning Algorithm
k

Z :arngaxF (Y, X)) 1=1,3 ,n



Tasks



Information Extraction Tasks

A Part-of-Speech Tagging

A Noun Phrase Extraction

A Named Entity Recognition

A Chinese Word Segmentation

A Natural Language Parsing

A Event Extraction

A Answer Extraction for Question Answering
A Document Meta Data Extraction

A Web Data Extraction



Case Study: HTML Title
Extraction (Hu et al 2005)



Motivation

A Title of HTML document should be defined in
title filed

A Title fields of HTML documents are not
reliable

Data |Num. of HTML | Empty title | Duplicated
Set docs flelds title fields

TREC 1,053,111 5.8% 26.9%




Title Extraction Task

A Input; HTML document (web page)
A Output: title(s) from body of HTML document

Fle Edit Yiew Favorites Tods Help
ek~ €3 - & o | - search Favorkes o Media ) N i,

[~ -
| Addvess [ F0ky-yunhuaFromMLab0s \WorkByYunhus AAnnotatedhata 1G03-71-2004384 it

|National Weather Service Oxnard

[Eninter Frnendly Wersion | Current Version]
| or choose a previous issuance: -1| -2 | -3 | -4 | -5 | -6 | -7 | slder version

LLLLL
666666666666666666666666666666

L coL 5 )
|l&l [ |

HTML document

|3 vy Computer

—

National Weather Service
Oxnard

Los Angeles Marine
Weather Statement

Extracted titles



Title Extraction Processing

A Title extraction as information extraction

A Using DOM tree

ALeaf node containing O
A Mainly using format information

TTrut 1:

Ut 2 [text="Ilwcrosoft Corporation”, abshinent=center boldface=falze italic=tfalze,
1sH1=false largest-font=false second font size=false.. ]

TTrut 3:

Unit 4: [text="Windows COperating Svystem”, Title
alignment=center,boldtace=false italic=falze, 1sH1=true largest font size=false .. ]
it 5 [text="Crerview" aisrenent=left boldface=falze italic=true 1sH1=falze,
larsest font size=falze second font size=tme.. ]



OM Tree

A Los Angeles Marine Weather Statement - Microsoft Internet Explorer
Bz Edt Yew Favortes Jook  Help
Bk v ) v K] 2] | search o Favorkes @B Media £ e o ] v L) 3

EIBERE

| -
| Address |éj Fr\Ody-yuriuafromiiLab0aiwarkdy funhuzi Annat sbedDatal03-7 1-2004 384 e

|National Weather Service Oxnard

[Printer Fnendly \l'crsion | Current Vmswn]

| Los Angeles Marine Weather Statement

| FIUST6 ELOX 231803
HWSLAX
PIZ650-655-670-673=-676-300400-

NARINE WEATHER STATEMENT
NATIONAL VEATHER 3ERVICE LOS ANGELES/OXNARD CA
900 AN PST TUE JAN 29 2002

A4 COLD AND UNSTABLE AIRMASS OVER THE AREXL WILL BRING SCATTERED

|IE [ 11 T3 oy Computer

HTML document

e

&,

sy ¥YiewmGeneratedDataFile

| DeiUserigphul HTMLW orkingDiri Just Test\ hem\G03-7 1-2004384 . hem_dat

1]

-0 P:National Weather Service Ouxnard ;I
B- - B:National Weather Service Oxnard

(= . SPAM:Mational Westher Service Oxnatd
AT Mational Weather

I':'I. P:[Printer Friendly Wersion | Current Version]or choose a previous issuance: -1
i Led TEXTNODE
- A:iPrinter Friendly Version
. TEXTNODE: |
. AiCurrent Yersion
.- TEXTHODE:]

.- TEXTNODE: |
- B:-2
) TEXTMODE: |

a3

DOM tree



Features for Information Extraction

A Rich format information
I Fontsize: 1~7 levels
I Font weight: bold face or not
I Font family: Times New Roman, Arial, etc
I Font style: normal or italic
I Font color: #000000, #FF0000, etc
I Background color: #FFFFFF, #FF0000, etc
I Alignment: center, left, right, and justify.

A Tag information
i H1, H2, é, H6: | evel s as header

I LI: alisted item

i DIR: a directory list

i A:alink or anchor

T U: an underline

I BR: aline break

I HR: a horizontal ruler

i IMG: an image

I Cl ass name: 0sectionheader 0, 0



Features for Information Extraction

A Position information
I Position from beginning of body
I Width of unit in page

A DOM tree information

I Number of sibling nodes in the DOM tree.

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

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

A Linguistic information
I Length of text: number of characters
i Length of real text: number of alphabetic letters
i Negative words: Obyo, o0dated, 0]
i Positive words: Oabstracto6é, o0i nt
Osubjectd, otitlebdb, etc.



References



Models

A HMM

I L.R.RabinerandB.HJuang ( 1986) AAn I ntroductio
IEEE ASSP Magazine, 3(1):15, January 1986.
I D.Freitagand A. Mc Cal | um, (2000) Al nf or ma

| earned by stochMmAlAlG&O R dmMiI 2584 on o,
A ME

I A.L.Berger,S. A.DPietrgandV.J.DPietrg (1996) ANA maxi m
to natur al | a Cgmp@agianal lpnguostcs, 22(1):r894801996.

I A.Ratnaparkhi (1998) #AMaxi mum Entropy Mode
Res ol Ph.D.dhesspp. 1147, University of Pennsylvania.

i H.L.Chieuand H. T. Ng, (2002) AA Maxi mum
ExtractionfromSembt ruct ured @AAAFfFEAAT@&RL2 D, p



Model s (cont

A MEMM

D.

nNf or mati on

V. Punyakanola n d
( NI PSO6000001p p .

A. McCallum, D.Freitag

C

9| .\’ V il
—0 0 = o
oD L S ©
n ¢ = % ©

O —

—-— o 9 e
C gl

- E
FMI = <

s 2 o<
© c (qv] nC
cop Lo @
aan\~n MS e

» S

= -

- P dl aul
mr3 m ..lW
SO o< OKe) o

a9
0 _ MAI_ —
O— =B «
0o ,pmdAC
=T apm@ @®

o . OAD —
£ _~QB [~

Q\
< o —Be  x
C L

~— 0 £ 2
>+ n © O,m\mn
e O3_ o

. . A
—— <L<Two Jw
Scon
D ®©
T @© cC~ ar...u,r
1o g Zo0 20
NI Nc-c

(20
ono

Y . Li u,
Sel ect

and

a(nl dC ML 6i 0g4u) e

Z hu,

412-418.



Model s (cont
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Tasks (cont
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Tasks (cont
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Summary on Information Extraction

A Information Extraction = Tagging
A Generative model vs discriminative model
A Dependent models: MEMM, HMM, CRF

A Accuracy: CRF > Perceptron > MEMM >
HMM > ME

A Tasks: named entity recognition, metadata
extraction, etc
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Information Retrieval = Ranking



General Framework



General Framework for Information
Retrieval

D={d,d,3 d} (L >

documents
(information)

relevance scores for ranking

guery (or question) d, ~ f(q,d,|D)
g dz ~ f (C],d2 |D)
f(q.d|D) g 4

d, ~ f(q,d,|D)




Relevance

A No rigorous definition

AQuery = fisoccero, doc
A document relevant
A Judgment by humans: several discretized

levels, e . g. Ndefinitely
rel evant o



Key Factor for Relevance: Matching
between Query and Document

d

f@dID) g




Probabilistic Model

d,
d,
4
d

documents

n

guery (or question)

g

Y
-
_______~ relevant scores for ranking
d, ~P(r|q,d)
d, ~P(r[q,d,)
P(r|q.d) 4
ri {10}

d,~P(r|q,d,)



Okapi or BM25
(Robertson and Walker 1994)

d, N
N
documents d,
4 ranking function
d
T 5 (k +)tf (W)
guery (or question) wdig (1- b)k+ba\?;dl+tf (W)

g




Language Mode
(Ponte and Croft 1998; Lafferty and Zhai, 2001)

document = bag of words

d; =W, W, 3 W, Q

d2 = W21W223 VV2I2
4
dn = Wn1Wn23 W I

n

~___ __~ relevance scores for ranking

dl ~ P(q| dl)
q=WyW,, 3 Wy d, ~P(q|d,)
> . 4

d,~P(qld,)



Classification Model

dl/—\

N
d2
documents
relevance scores for ranking
d ~
query (or question) d, ~P(r|q,d,)
9 | P(rq,d) ‘ d, ~P(r|g,d,)
ri {1,0} 4
dn - P(r |Q;dn)

Two categories: relevant or irrelevant
Logistic Regression or SVM



Learning to Rank Model
(Herbrich et al., 2000; Chris Burges 2005)

d ¢ O
N~
documents dz
4
relevance scores for ranking
d ~
query (or question) d, ~ 1(q,d,)
q d, ~ f(q,d,)
= f(q,d) > 4
dn - f(q’dn)

Multiple ranks
Ranking SVM, RankNet



General Model for Ranking (2)

D ={d,,d,,3 ,d,}

documents

guery (or question)

N
N

~_

|

g

.| 1(q,d|D)

9(d|D)

Importance and relevance
scores for ranking

9(d, | D)+ f (q,, | D)
- 9(d,|D)+ (a0, | D)

4
g(d,|D)+1(q,d,|D)



Importance

A No rigorous definition
A Citation, quality, freshness
A Independent of query



Page Rank
(Brin and Page, 1998)

P(d;)
P(d
()= adl%(d) (d)

+(1- )—
N




Ranking SVM
(Herbrich et al 2000)



Ranking SVM

AGiven S={(X,y)}™
AWe learn a function X=X U f(X)>f(X)

A Consider a linear function (X} =(W,X]

(X®- x@,2)},
+1 y® = y@
1 y®@ =y

A Transforming to classification )
b _F
f(b:<w,)g1)-)q2)> z %



Ranking SVM (c
A Ranking Model: f(x)

f (X)




Direct Application of Ranking SVM
to Information Retrieval

A Query document pair A feature vector
A Combining instance pairs from all queries



Ranking SVM for IR
(Cao et al 2006)



Applying Ranking SVM to
Document Retrieval

A Cost sensitiveness: negative effects of making errors on top

d: definitely relevantp: partially relevant n: not relevant
ranking l: pdpnnnn
ranking2:dpnpnnn

A Query normalization: number of instance pairs varies
according to query

gl:dppnnnn

g2:ddpppnnnnn

gl pairs: 2*(d, p) + 4*(d, n) + 8*(p, n) = 14
g2 pairs: 6*(d, p) + 10*(d, n) + 15*(p, n) = 31



Cost Sensitiveness

! el r2eri Ranking S
K] F l...r"
& #




Query Normalization




New Loss function

. g \ CpnC ,mC 2
rTV}énL(V%:Ql‘k(i) W)S]-'Z<W’)|é) '?é)>ﬁ’ H7lle

T-u=2
T 1=l

_
e



Optimization (Quadratic Programming)

minL=ad, e = (0F g

minM (9= 40

subje(:ttox2 0, z<€>& xzﬂf 21 x i B 7

Leiy 4
2/ ﬁ

maxL, -aa 13 aa.«zz v >%2)>
subjectto(Ea @I =B ?

where C =
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