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1. What is Information Extraction?

. Basic concepts in IE: type of texts and
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. Wrapper Induction: definition and
examples

. Boosted Wrapper Induction

. IE as a Classification Problem
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. Conclusions and Future Work
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What is Information <

Extraction?
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~delnformética
U-F+-P-E

Information Extraction (El) is the task of identifying the
relevant information fragments of text from larger

documents

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

For years, Microsoft Corporation CEQO 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.”

Richard Stallman, founder of the Free
Software Foundation, countered saying...

hppropriate formats for future use
lauchak, 20041].

Extraction Template

NAME TITLE ORGANIZATION
Bill Gates CEO Microsoft
Bill Veghte VP Microsoft

Richard Stallman founder FreeSoft.
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Type of Texts in IE cantm_
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U-F-P-E
Text paraaraphs Grammatical sentences
without formatting and some formatting & links
; Dr. Steven Minton - Foundetr/CTO o Press
Astro Teller is the CEO and co-founder of Dr Mintonis 2 fellow of the American
BodyMedia. Astro holds a Ph.D. In Association of Artificial Intelligence and was p—
Artlf PRI Y T H | Y < DI R thef(
Intell u
(a) | Mel Free . (b) | dinc Semi-
indu s proje
M-S. i DyIIIIJUIl\_ dliu 11ICTuUliIouIC I(?::II'E‘
. . [
computation and B.S. in computer Pring Stru Ctu red
science are from Stanford University. His taugt
work in science, literature and business Frank Huybrechts - COO
has appeared in international media Mr. Huybrechts has over 20 years of
from the New York Times to CNN to NPR. (d)
(c) Non-grammatical snippets, Tables
. F\ f t t . & I . k 8:30-9:30AM  |Invited Talk: Plausibility Measures: A General Approach for Representing Uncertainty
Joseph Y. Halpern, Cornell University
rl C O rm a I n q I n S 9:30- 10:00AM | Coffee Break
Bal‘to, Andrew G. (413) 545-2100 barm!@cs.umass.edu C8276 10:00- 11-:30 AM | Technical Paper Segsions:
Professor. Cognitive Logic Natural Language | Complexity Neural Games
Computational neuroscience, reinforcement learning, adaptive m Robotics Programming Generation ‘Analysis Networks
motor contral artificial nenral netwaorks adantive and learning 739: A Logical 116: A-System:|758: Title 417:Let'sgo 179 Knowledge |71: Iterative
cont Account of Causal | Problem Generation for Nats: Extraction and | Widening
Assi e m I - Emilio Remolina | Abduction  |Rong Jin and Circumscription Function
and Benjamin Mure Alexander G. and Networks
Brock, € wsedu 5246 Kuipers Deenecker, Hauptinann Abnormality | Kenneth
Assi tru tu r d and Bort b
Clarke, s ‘ : e ssedu  CS304 Nuffelen St t d
Prof ru c u re
Ezﬁt\g;asrie r\l»'erlflcatlorl, testing, and analysis; software architecture — . . GLA 246: Dealing vt [470:A 258 - 35’331W
Rk Online-Execution Comparative ||Dependencies Perspectiveon | Violation-Guided| Difference
Cohen, Paul R. (413) 545-3638  cohen@cs.umassedn CS278 of ceGolog Plans | Study of Logic |between Content  |Knowledge Learning for Learning
Henrik (rrosskreutz| Programs with ||Planning and Compilation Constrained Applied toa
Professor. and Gerhard Preference Surface Realisation |Adnan Formulations in |High
Planning, simulation, natural language, agent-based systems, Lakemeyer Torsten Schaub|fin a Pipeline Darwiche and | Neural-Network |Performance
intelligent data analysis, intelligent user interfaces. and Kewen  ||Generation Pierre Marquis | Time-Series Game-Playing




What to Extract: <
Single/Multiple slots A informatica

U= E =P E

Jack Welch will retire as CEO of General Electric
tomorrow. The top role
at the Connecticut company will be filled by Jeffrey
(a) (b) Immelt. (c)

. . DITIATY TCTAUIVUTIOIITY
Single entity (Relation Extractidhdry record (Scenario Extract
(Template filling)

Person: Jack Welch Relation: Person-Title Relation: Succession
Person: Jack Welch Company: General Electric
, Title: CEO Title: CEO
Person: Jeffrey Immelt out- Jack Welsh

In: Jeffrey Immelt
[ ocation: Connecticut Relation: Company—Loca]tlon
Company: General Electric

Location: Connecticut

444
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Typical Architecture of IE <

Systems > Nl

Preprocessing
Tokenization
Training/Test | and/or
Corpus \> Text Control Feature
/ Extraction
Lexical Analysis POS Tagging
/ Sentece
Syntactic Analysis Spliting
/ 8
Extraction Model

/

Output Template Generation | - Target structure as a database relation
| * Normalization (same representation for date
and numbers, for example)
* Instance unification (co-reference resolution)
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Boosted Wrapper Induction ¥.....
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Boosted Wrapper Induction (BWI) [Freitag &
Kushmerick, 2000]

= A document is treated as a sequence of tokens, and
the |IE task is to identify the boundaries of each type
of information to be extracted

* |t learns extraction rules composed only of simple
contextual patterns:

= common prefixes and suffixes of the text
occurring immediately before (or after) the text
fragments to be extracted

ﬁ UNIVERSIDADE FEDERAL ﬂi““fnem‘
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Boosted Wrapper Induction
[Freitag & Kushmerik, 20001 s e,
Examples:

(1) The folowing prefix and sufix

" < [<href=“], [http]l] > determine a fore-dectector of an
URL

" < [.html], [“>] > determine -

Boundaries

v \

http://xyz.com/index.html de <a href= http://xyz.com/index.html >

(2) top-scoring boundary detectors example
I = {[t:i_me 1], [":I'Ium}]} «vs Time : 2:00| - 3:30 PM
Ay = {[1, [- <Nlum> : <=> <Alph>

Fig. fore and after detectors <F, A> generated by the BWI
algorithm [Freitag & Kushmerick, 2000].

ﬁ UNIVERSIDADE FEDERAL ﬂi““fnehr
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IE as a Classification Probleln':
Boundary Detectors Qﬁfﬁ‘%ﬁ:-maﬁca

U= E =P E

» The IE task is to identify the boundaries that indicate the beginning
and the end of each field.

= Formally, boundary detector d = <p, s> is a pair of prefix p and
suffix s patterns that matches a boundary i if p matches the tokens
before i and s matches the tokens after i.

= Associated with every detector d is a numeric confidence value C,.

= A wrapper W = < F, A, H> consists of two sets F and A of detectors
and H(k) reflects the probability that a field has length k.

= To perform extraction using W, every boundary i in a document is
first given a fore and a aft score. W then classifies text fragment <i,

j> as follows:

QL ifFGQ) AG) H( - 1) %
w(i, )= .
0, otherwise
ﬁ UNIVERSIDADE FEDERAL nin“fnem‘
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IE as a Classification Problem;’
Centro

Baaosting iy informatica

BWI uses boosting to generate and combine the predictions
from numerous extraction patterns.

procedure BWI(example sets S and E)
F + AdaBoost(LearnDetector, S)
A + AdaBoost(LearnDetector, E)
H +« field length histogram from S and E

return wrapper W = (F, A, H)

- Boosting is a procedure to improving the performance of
a “weak" machine learning algorithm by repeatedly
applying it to the training set, at each iteration modifying
training example weights to emphasize examples on
which the weak learner has done poorly in previous
iterations [Schapire & Singer,1998].
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Proposal of an IE Architecture;,c
WEPAIES ARy informatica

= WEPAIES integrates the |IE system TIES (Trainable
Information Extraction System) , developed at ITC-
iIrst (Instituto Trentino di Cultura).

= TIES is a Java implementation of the BWI algorithm.
The extractors are based on the Boosted Wrapper
Induction (BWI) algorithm.

= TIES automatically learns rules from a previously
annotated corpus with a predefined set of tags
(template).

DE PERNAMBUCO

ﬁ UNIVERSIDADE FEDERAL ﬂi““fnem‘

12



WEP
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A v
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Training
Corpus

Web page
Cleaning

Y

Tokenizer

A 4

Feature
Extraction

Rule Induction
Module (BWI)

Extraction
Rules
(-XML)

v

Extraction rules
Application

y
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Tokenization, Feature
Extraction and % ...

POS tagging: Preprocessing Ay, "Tormies
y RS
Input text: “CALL FOR PAPERS (v4)”

D

= line
L diwv/token
g id Text i@ type i@ pos i@ start @ len i@ alpha i@ upper g Symb i single i lower @ num t
22 CALL word NN a2 4 true true
24 FCR word IN a7 3 true true
2a FAFPERS word HHS 71 & true Trus
28 { =ym { 78 1 true true
29 v word NN Ta 1 true true true
30 4 Rl CD g0 1 true true
31 ] =ym } 81 1 true true

1 2 3 4 5 6 7 8 9 10

Tokenization

ﬁ UNIVERSIDADE FEDERAL ni““fnehr

DE PERNAMBUCO
S,

14



Tokenization, Feature
Extraction and Do

POS tagging: Preprocessing Ay nrorme
" ARNS
Input text: “CALL FOR PAPERS (v4)”

D

= line
L diwv/token
g id Text i@ type i@ pos i@ start @ len i@ alpha i@ upper g Symb i single i lower @ num t
22 CALL word NN a2 4 1 1
24 FCR word IN &7 3
FAFPERS word HHS 71 &
{ =ym { 1 t t
a word NH 1 T tr T
30 4 T cD 1 true true
31 ] =ym } 1 true true

1 2 3 4 5 6 7 8 9 10

Default Feature Extraction

ﬁ UNIVERSIDADE FEDERAL I}i“.“r“e.hr
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Tokenization, Feature
Extraction and Do

POS tagging: Preprocessing Ay nrorme
y RS
Input text: “CALL FOR PAPERS (v4)”

D

=) line
 div/token
i 1d i@ tipe i@ pos ip start i@ len i alpha i upper_ ip symb_ ip 3ingle ip lower p num
22 CALL word j212) ] 4 1 1
24 FCR word IH &7 3
2a FLFERS word NHS 1 &
{ Sym { 1 T tm
29 v word NN Ta 1 t tr t
30 4 T CD 80 1 Trl [ o
31 ) Sym ) 81 1 T T

1 2 3 4 5 6 7 8 9 10

Extended Feature Extraction

ﬁ UNIVERSIDADE FEDERAL I}i“.“r“e.hr
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Tokenization, Feature
Extraction e

POS tagging: Prée-processamento
Input text: “CALL FOR PAPERS (v4)”

-

Centro
de Informatica

U= E =P E

 div/token
i 1d i@ tipe i@ pos ip start i@ len i alpha i upper_ ip symb_ ip 3ingle ip lower i num £
22 CALL word NN a2 4 true true
24 FCE word IN a7 3 true true
2 FAPERS word HHS 71 a true true
{ Sym { 78 1 true true
29 v word NN 7 1 true true
30 4 T CD 1 true true
31 ) Sym 1 true true

1 2 3 4 5 6 7 8 9 10

Tag Mean
POS NN Singular Noun
= IN Preposition
Taggin
gg g NNS Plural Noun
m CD Cardinal .
m UNIVERSIDADE FEDERAL number I}I“.“rne.hr

DE PERNAMBUCO
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Testbed Corpus: Seminars ®cmo

d
U-F:P-E

Frequency distribution of the Seminar corpus

Seminars | Location Speaker  Stime Etime Non-
(485 docs) Entity
643 754 980 433 157.647

<doc id='276" filename='cmu.cs.proj.vision-273 0'>&t;0.25.4.84.12.33.15.??7@777.0&gt;
Type: cmu.cs.proj.vision

Topic: Sanderson group seminar

Dates: 27-Apr-84

Time: <stime>2:30</stime>

PostedBy: 7?? on 25-Apr-84 at 12:33 from 7?7

Abstract:

<speaker>Alberto Elfes</speaker> will be speaking about "A Wide-Beam Sonar Mapping System"
on Friday the 27th in <location>WeH 4623</location> at <stime>2:30</stime>.

</doc>

Annotated document from the Seminar Corpus

484 UNIVERSIDADE FEDERAL I}in_urne.hr

@ DE PERNAMBUCO
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Testbed Corpora: Jobs and

tro o
deInformatica
U-F-P-E
JOBS Platform Language Area City State Application
709 851 1005 659 452 590
Jobs _ _ ) )
Announcements Title Recruiter Post date Country Salary Reg-years-e
Corpus (300 docs) 457 312 302 345 147 166
Company f)es-years_e ﬁeq-degree -Des-degree Id
298 43 83 21 304
ANNOTATION TYPE CorprPUS FREQUENCY
TRAIN % TEST o4
workname 543 11.8 245 10.8
workacro 566 123 243 10.7
workhome 367 8.0 215 9.5
workloca 457 10.0 224 0.9
workdate 586 12.8 326 14.3
Call for Papers Corpus workpape 590 | 129 | 316 | 13.9
Pascal Cha"enge 2005 worknoti 391 8.5 190 8.4
(400 dOCS) workcame 355 Tt 163 12
confname 204 4.5 90 4.0
Y confacro 420 92 187 82
ﬁx UNIVERSIDADE FEDERAL conthome 104 2.3 75 33 me.m‘
DE PERNAMBUCO
S - 4583 100 | 2274 100
ToTAaL
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PAscAL CHALLENGE ON
EVALUATING MACHINE LEARNING FOR IE (2005) B s P

Goal: Provide a testbed for comparative
evaluation of ML-based IE. (lreson, 2005)

Standardisation
- Data
* Partitioning
* Same set of features

- Corpus pre-processed using Gate
- No features allowed other than the ones provided

- Explicit Tasks
- Evaluation Metrics

ﬁ UNIVERSIDADE FEDERAL ﬂin“fnem‘

DE PERNAMBUCO



WEPAIES: POS Influence on e

Centro |
Corpora ARy nformatica
Corpus | Prec Recall F1 Corpus Prec Recall F1
Seminars | 0,974 0,953 0,963 Wi Seminars| 0,971 0,964 0,967
No ith
POS POS
Jobs 0,945 0,778 0,853 Jobs 0,939 0,780 0,853
CFP 0,891 0,571 0,696 CFP 0,896 0,591 0,712

CFP - Pascal Challenge

1,0
I no POS
1 with POS
0,8 ~
0,6 A
-—
(18
0.4
0.2 1
424 |, 0,0 in.ufoeb
== | UNIVERSIDADE -
@ DE PERNAMBL cf_acro cf_home cf_name w_acro w_came w_date w_home w_loca w_name w_ncti w_paper ﬂl“'“ ne' r
ST,

Slots
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Comparative Evaluation Wniro

~delnformética
U-F+-P-E

System Description
(LP)2 It uses Shallow NLP techniques to generalize rules
beyond the flat word structure by a covering algorithm.
The champion of the Pascal Challenge, 2005.
Rapier Single-slot |IE system for free texts that uses POS
Information and wordnet synsets. It is based on
Inductive Logic Programming [Califf & Mooney, 1999].
GATE-SVM Performing supervised token classification based on a
variant of the SVM with uneven margins [Li et al., 2003]
Yaoyong  Predecessor of GATE-SVM.
SIE Performing supervised Token classification using a

filtering instance technique in its preprocessing phase
[Giuliano, 2004]

i
=R

UNIVERSIDADE FEDERAL
DE PERNAMBUCO
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Comparative Evaluation: SEMINARS

Corpus

Centro

~delnformética
U-F+-P-E

speaker location stime etime All Slots

WEPAIES
SIE
GATE-SVM
(LP)*

Rapier

86,2 88,8 939 96,7 91,4

. . . . 86,6
69,0 81,3 948 92,7 86,2
77,6 750 99,0 955 86,0

53,0 12,7 93,4 96,2 77,3

44
(gﬁ] UNIVERSIDADE FEDERAL
DE PERNAMBUCO

cin.ufpe.br
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Comparative Evaluation: JOBS C8fpus .

d€Informatica

uF. P E
Slot (LP)? GATE_SVM WEPAIES  Rapier
id 100,0 97,7 98,1 97,5
title 43,9 49,6 67,4 40,5
company 71,9 77,2 78,9 69,5
salary 62,8 86,5 89,2 67,4
recruiter 80,6 78,4 86,1 68,4
state 86,7 92,8 96,9 90,2
city 93,0 95,5 96,5 90,4
country 81,0 96,2 98,8 93,2
language 91,0 86,9 88,5 80,6
plataform 80,5 80,1 86,9 72,5
application 78,4 70,2 73,1 69,3
area 66,9 46,8 51,6 42,4
req_y_exp 68,8 80,8 86,4 67,1
des y exp 60,4 81,9 89,9 87,5
req_degree 84,7 87,5 78,6 81,5
des_degree 65,1 59,2 47,6 72,2
post date 99,5 99,2 100,0 99,5
84,1 80,8 83,8 751

44 All slots
ﬁﬁ] UNIVERSIDADE F EBfs=

DE PERNAMBUCO
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Comparative Evaluation: CFP

Comparative Slots Performance on the CFP

P — Precision, R — Recall, F — F-Measure.

v

Centro i
e Informatica

.

U= E =P E

WORKSHOP

CONFERENCE

System

»
(2]

.jname

acro

date

home

loca

pape

noti

came

name

acro | home

Amilcare
(LP)

0,656
0,241
0,352

0,887
0,884
0,865

0,769
0,632
0,694

0,864
0,619
0,721

0,621
0,402
0,488

0,876
0,851
0,864

0,889
0,889
0,889

0,876
0,865
0,870

0,792
0,422
0,551

0,922 | 0,656
0,888 | 0,280
0,905 | 0,393

Yaoyong

0,629
0,539
0,580

0,738
0,523
0,612

0,810
0,666
0,731

0,656
0,870
0,748

0,611
0,674
0,641

0,719
0,763
0,740

0,867
0,821
0,843

0,764
0,736
0,750

0,649
0,411
0,503

0,619 | 0,368
0,348 | 0,093
0,445]0,149

SIE

0,852
0,539
0,660

0,733
0,259
0,383

0,850
0,451
0,589

0,672
0,419
0,516

0,812
0,406
0,542

0,841
0,617
0,712

0,921
0,795
0,853

0,911
0,687
0,783

0,795
0,344
0,481

0,667 | 0,556
0,235 | 0,067
0,348 0,119

WEPAIES

m XU Um0 Um0 Um0

0,889
0,825
0,856

0,906
0,275
0,422

0,918
0,729
0,813

0,718
0,735
0,726

0,990
0,916
0,952

0,906
0,477
0,625

0,925
0,569
0,705

0,849
0,414
0,556

0,953
0,691
0,801

0,930 | 0,706
0,443 (0,122
0,600 | 0,209

44¢
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Comparative Evaluation : CFP “®c.wo

4B deInformatica
" E
1,0
0,8 4
o 06 -
S El Amilcare
£ 1 SIE
N Yaoyong
I i 1 WEPAIES
0,4
0,2
0,0
Précision Rappel F1-micro
Precision, Recall and F-Measure comparison on the CFP Corpus
44 3
UNIVERSIDADE FEDERAL ﬂl“ “fne l]l'
DE PERNAMBUCO % i
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Conclusion and Future‘

Centro |
Waork Ry Informitica
onciusion.

* The results obtained allow us to conclude that the newly
extended TIES system, an adaptive IE system based on

supervised wrapper induction is comparable with other state-
of-the-art |IE systems on traditional IE tasks.

= POS Information is more helpful when our architecture is
applied on non structured (free) texts.

Future work :

* the improvement of WEPAIES architecture by including new
supervised machine learning algorithms, such as Support

Vector Machines and C4.5 as learning components for new
|E wrappers.

* |s related to the tokenizer and feature extraction modules in
which we intend to perform the following NLP subtasks, i.e.,
NER and Chunking Analysis (for English) and POS
tagging for Portuguese and French languages.

ﬁ UNIVERSIDADE FEDERAL I}i“ “fne I]I‘
DE PERNAMBUCO g 2
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Context : MasterWeb/AGATHE <
Systems NE?.%‘FL‘}mama

U+F-P*'E

Ontologies,

Categories & It iS a generic

Dictionaries

New

software
h’b architecture for the
development of
information
gathering systems
on the Web, for
e ameuh restricted domains,

| P - based on software
sgers () agents that

cooperate and
In [Espinasse & Freitas, 2007], the following improvene ﬁl@mlo

- Integration of Machine Learning and Natural Lang
techniques to accelerate the tasks of extraction and ﬁgﬁém dsgl-ghese
information gathering tasks. restricted domains.
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