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Abstract. Modernagentandmediatorsystemscommunicateto a multitudeof
Webinformationprovidersto bettersatisfyuserrequests.They usewrappersto
extractrelevant informationfrom HTML responsesandto annotateit with user-
definedlabels.A numberof approachesexploit themethodsof machinelearning
to induceinstancesof certainwrapperclasses,by assumingthetabular structure
of HTML responsesandby observingtheregularityof extractedfragmentsin the
HTML structure.In this work, we proposea generalapproachandconsiderthe
informationextractionconductedby wrappersasa specialform of transduction.
We makeno assumptionabout the HTML responsestructureand profit from
theadvancedmethodsof transducerinduction,in orderto developtwo powerful
wrapperclasses,for sampleswith andwithout ambiguoustranslations.We test
the proposedinductionmethodson a setof general-purposeandbibliographic
dataprovidersandreporttheresultsof experiments.

1 Intr oduction

TheWorld Wide Webhasbecomean enormousinformationresourceanda bunchof
new applicationsrely on Websearchengines,news, weatheror shoppingsites,in or-
der to find and deliver informationrelevant to userneeds.The communicationwith
Web informationproviders is doneby retrieving Web pagesor sendingcgi-requests;
in eithercase,an applicationfacesthe problemof understandinga provider response
in HTML andextractingandlabelingrelevantinformationfragments;specialsoftware
componentsdedicatedto this taskareconventionallycalledwrappers [5, 12].

Themanualgenerationof wrappersis a time-consuminganderror-pronetaskand
a numberof methodshave addressedthe automaticwrappergeneration[4,8–11,13,
14]. Thesemethodsinvokethemachinelearningtechniquesanddefinetheproblemof
wrappergenerationasinductionof instancesof a certainwrapperclassfrom labeled
samples.

While wrappingone-valueor one-slotHTML responses,suchas stockvaluesor
weatherforecastrarelyposesseriousproblemstoany learningprogram,wrappingpages
with complex structureoftenunveils its limitations.As anexample,mostapproaches
to wrappingsearchenginesassumethe tabular form of answersandprovide special
treatmentfor differentvariations,like missingor multi-valuedattributes.However, the



assumptiondoesnotholdfor searchengineswith sophisticatedres-Poncestructurelike
Medlineor Cora1.

The power of a wrapperclassis crucial as more powerful classesallows one to
successfullywrapmoresites.In thiswork,weproposeageneralapproachwhichmakes
no assumptionabout the responsestructureand considerthe information extraction
conductedby wrappersasa specialform of transduction.Our approachis inspiredby
the OSTIA transducerinductionmethod[15] which learnstransducersfrom positive
samplesandpushesbacktheoutputlabelsto postponetranslationconflicts.By analogy,
in ourmethodswelearnaccuratewrapperextractionrulesfrom positivesampleswhich
mayhave ambiguouslabeling.

Fig. 1. Samplefragmentfrom CSBibliosite.

In HTML pageswith complex structure,extractedinformationcanbecomplex and
thuslabelsthatannotateextractedfragmentsmayhave a path-likeform. Theresultof
informationextractionis semistructureddata, representedasa treewhereeachnodeis
labeledandmayhaveavalue[5]. Theextractedsemistructureddatacanbesimilar, poor
or richer thanthestructureof original HTML file; its complexity is actuallydrivenby
theuser’sperceptionandneeds.Thesemistructureddatamodelhasa highly expressive
power, it permitsoneto copewith all possiblevariationsin thepagestructure.Figure1
showsasamplefragmentfrom theComputerScienceBibliographysite.2 Theextracted
datais shown in Figure2; it hasa nestedstructurewhereeachtuplegroupscoherent
informationandtuplesaregroupedby bibliographiccollections.
HTML and XML. The problemof wrappingHTML pagesmay disappearwith the
wideuseof XML for dataexchange.However, thecurrentexpansionof XML remains
essentiallylimited to business-to-businesssolutions,thereforeHTML interfacewill re-
main,at leastfor sometime in future,theprincipalway of interactionwith thousands
of Webinformationproviders.

1 http://www.medportal.com,http://cora.whizbang.com.
2 http://liinwww.ira.uka.de/bibliography/index.html.
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Fig. 2. Extractedsemistructureddata.

Determinism in wrappers. Applicationsrelying on Web datarequirefrom wrappers
the delivery of reliableandaccuratedata.For this reason,the determinismis of the
primeinterestin thewrapperinduction.While theinductionmethodscanbenondeter-
ministic or stochastic,the deterministicinformationextractionremainsa must in the
wrappergeneration.

2 Transducers

WrappersparseinputHTML strings,extractsometokensandannotatethemwith user
labels.Thus, the information extraction conductedby a wrapperappearssimilar to
transductionof stringsof an input alphabetinto stringsof outputalphabet[9]. Below
weweremindsomenotionsfrom theformal languagetheoryanddiscussthedifference
betweentransducersandwrappers.

For any string � overanalphabet
�

, ��� denotesthereverseof � . Theconcatenation
of two strings� and � is denoted� � . Thestring � is aprefixof thestring � if andonly if
thereexistsastring � suchthat ����� � . A languageis any subsetof

�
	
. �
������� denotes

all prefixesof � . A positivesamplesetof thelanguage� is a finite setof stringsfrom
� .

A transducer� is a 6-tuple ����� ������������� �!��"#�%$ � , where
�

and
�

areinputand
outputalphabets,

����� �!��"
aresetsof all, initial andfinal states,and

$
is a mapfrom��&��

to
�'&��

[7]. Transducer� is deterministic,if f thereis atmostonerulefor any
pair � �(��) � in

$
: if

$ � �(��) ���*� �!+,��-.+ � and
$ � �(��) ���*� �!+/+0�1-�+/+ � , then

�!+ � �!+/+
and

-.+ � -.+/+
,

where
)�23�

,
-�+4��-�+/+523�

,
�(���!+4���!+/+627�

. For anacceptedstring � 27�
	
, transducer�

translates� into anoutput 8
���
9 �;: 23��	
.

Wrappers and transducers. Thereare two main differencebetweenwrappersand
transducers.Thefirst, obviousoneis in thewaythey producetheoutput.Whenatrans-
ducerconsumesaninput token

)
andexecutesthetransition

$ � �!+���) �<�=� �(��- � , it emits
an outputsymbol

-
. A wrapperinsteadoutputsthe valueof token

)
labeledwith

-
,

denoted
) � - � . In other words, translation in transducerscorrespondsto labeling in

wrappers.Onecan easilyestablisha one-to-onemappingbetweenoutputsproduced
by transducersandwrappers,in thefollowingwewill usethenotionsof translationand
labelinginterchangeably.

The second,moreseriousdifferencebetweenwrappersand transducersis in the
way they treat input strings.While transducerscopewith acceptedinput stringsand
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their translation,the primeinterestin wrappersremainthe informationextractionand
correctlabeling.As result,we developa wrapperrepresentationalternative to conven-
tional transducers.Any wrapperis representedasa setof informationextractionrules;
it neglectsthe issueof input stringsacceptancebut addressesthecorrectandvalid in-
formationextraction.

HTML tokenization. Therearedifferentways to tokenizeHTML files, whereele-
mentsuseopeningandclosingtagsto groupelementcontentsandsub-elements.Un-
fortunately, unlike XML, theHTML standarddoesnot requirethepropertagnesting;
asconsequence,the majority of real-worldHTML files arenot well-formed.For this
reason,we considera simple tokenizationof HTML, wherealphabet

�
containsall

HTML tags(both openingandclosingones)anda specialtoken > for elementcon-
tents,

�
= ? > , <html>,</html>,<title>, @ @!@ A ; any HTML file is consideredas

astringover
�

. For example,anHTML fragment<title>HomePage</title> is
a sequenceof threetokens,<title>, > and</title>, where > ’s valueis ’Home
Page’.

Elementaryinformationextractedfrom a tokenizedHTML file canbeonetokenor
a partof token,like href attribute in an<a> elementor src attributein an<img>
element.However, in thefollowing,weassumethatonly elementcontents(denotedby
> ) areextractedfrom a file, that is, labeledwith user-definedlabels,like B(CED(F.G�H orI6J D.K(L , while all othertokensarelabeledwith a dummylabel M 2N�

.3 This assump-
tion is madeonly for thesakeof simplicity; in thegeneralcase,thealgorithmscanbe
directlyextendedto allowing user-definedlabelsonany tokensfrom

�
[3].

Example1. Assumean informationprovider O generatesHTML pagesusingthe fol-
lowing regular structure:<hr> ( >P�4B(C(DEF.G�H )<p>( >P� I6J D.K(L�� <hr>|<br>))*. The
correspondingtransducer�5Q is givenby � �����������1� � �1"R�S$ � , where

�
= ? <hr>,<p>,

<br>, >5A , TU�V? B(C(D(F.G�H ,
I6J D.K(L � MWA , � �V? �!� � @!@ @ ���YX A , " �V? � Q A and

$ �V?$ � �!�Z� <hr>) = � � Q � M[� , $ � � Q � >6� = � �!\Z� B(C(D(F.G�H�� , $ � � \�� <p>) = � �Y]�� M[� ,$ � �^]�� >_� = � �YX�� I6J D;K(L�� , $ � �^](� <br>) = � �YX�� M[� , $ � �^X ,<hr>) = � � Q � M[��A .
Thetransduceris shown in Figure3; for transparency weomit all occurrencesof M .

`
`q1q0

<hr>
q3

<p>

Author

q4

<br>

Title

q2

<hr>

Fig. 3. Transducera.b .

3 Thoseelementcontentswhicharenotextractedfrom afile areequallylabeledwith c .
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3 Induction fr om positivesamples

Toinduceawrapperfor aninformationprovider, onehastocollectsampleHTML pages
generatedby theprovider;suchpagesformapositivesamplesetdenotedd , fromwhich
thetransducershouldbeinduced[15]. Any elemente 2 d is a couple � � � 8�� , � 27�
	

,
8 2f��	

. In thecaseof HTML samples,e is a tokenisedHTML file, pre-processedby
annotatingall occurencesof > with labelsfrom

�
. The transducerinductionfrom a

samplesetconsistsin building a prefix treetransducerandgeneralizingit by merging
somestates.For the wrapperinductionhowever, we modify theprocedurewhich will
build a prefix treetransducerandtheninfer thewrapperextractionrulesfrom it.

For a sampleset dg�h?�� � � 8��iA , we definethe prefix tree transducer�j�#�k��dl� as
� ���1�m�1�n�1�!�Y��"#�%$ � , where op�q? � A , � �r�
���4o�� , " �r? osA , $ ��� �1) ���q��� )[�1- � ,
whenever � � � )
2�����)
2��

, �
9/� ) : � -
.

Example2. Let the label set
�

include labels BEC(D(F.G�H and
I6J D.KEL andthe annotated

sampleset d Q bethefollowing: ? <hr>,
<hr> >5�0B(CED(F.G�H�� <p> >P� I6J D.KEL(� <hr> >5�0BEC(D(F.G�HE� <p><br>,
<hr> >5�0B(CED(F.G�H�� <p><br> >P�4B(C(D(F;G�H(� <p><br>,
<hr> >5�0B(CED(F.G�H�� <p> >P� I6J D.KEL(� <hr> A .
Theprefix treetransducerfor d Q is givenin Figure4.

`
`

`` AuthorAuthor
<br>

Title

<p> <br>

<hr> <p>

Author

<p><hr> <br>

Fig. 4. Prefixtreetransducertuala ( v.b ).

Unlike theprefix treesfor finite-stateautomatawhicharealwaysdeterministic[1],
prefix treetransducerscanbe deterministic,like transducer�k�#� ( d Q ) above, or non-
deterministic.Two wrapperinductionalgorithmsintroducedin the following sections
areinspiredby the OSTIA transducerinferencemethod[15]. Our algorithmsdepend
on whetherthe prefix treetransducerbuilt for a sampleset d is deterministicor not.
First, we considerdeterministicprefix treetransducersanddevelop a wrapperinduc-
tion methodbasedon the analysisof prefixes of labelsin d and the constructionof
minimal prefix sets; analyzingsuchsetswill be sufficient to detectuniquelabelsfor
input tokens.Then,in Section5 we considerthe casethe nondeterministicprefix tree
transducerswhich raisethe problemof ambiguouslabeling;we will extend the first
inductionmethodwith thecombinedanalysisof prefixesandsuffixesto disambiguate
thetokenlabeling.
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4 Deterministic prefix tr eetransducer

Let
-f2w�

labelsomeoccurrencesof > in e 2 d . We denoteas xy��e �1- � thesetof all
reverseprefixesfor labeledtokens>5� - � in e , x
�,e ��- ���'?ze � Q�{ e|�Ue}Q�>5� - �%e \ A . Theunion
of reverseprefixesfor

-
in all e 2 d givestheset xy� - ���V?z~������.xy��e �1- ��A .

In Example2, thereverseprefixsetsfor labels
I6J D.K(L and B(C(D(F;G�H arethefollowing:

xy�4B(C(DEF.G�H )= ? <hr>,<hr> >P� I6J D.K(LZ� <b> >P�4B(C(DEF.G�HE� <hr>,<br><p> >5�0B(CED(F.G�HE� <hr> A
and xy� I_J D.K(L�� = ? <p> >P�4B(C(DEF.G�HE� <hr> A .

Thefollowing prepositionestablishesanimportantrelationshipbetweenthedeter-
minism of a prefix treetransducerandthe emptinessof intersectionof reverseprefix
sets.

Preposition1 For a sampleset d , thecorrespondingprefix treetransducer�k�#�k�,d��
is deterministiciff for anypair of differentlabels

-
and

-�+
in d , xy� - �6��x
� -.+ �l�'� .

The prepositionprovidesa generalmechanismfor the deterministicinformation
extractionin wrappersinducedfrom samples.Assumethepropositionholdsfor agiven
set d , reverseprefix setsarebuilt for all labelsin d andwewantto extractinformation
from a new sample� 23�
	

. Then,for any occurrenceof > in � , it is sufficient to build
its reverseprefix,comparingit to all setsxy� - � will uniquelyidentify thelabelfor > .

Preposition1 usesthe full reverseprefixes for labelsin d . However, full reverse
prefixes is of little practicaluseas they can requirelong learningand hugesample
sets.Below we proposeminimal prefix setsas an alternative to full prefix sets.This
alternative representation,on one side, preserves the the relationshipestablishedby
Preposition1 and,onotherside,is compactandefficient in use.

4.1 Minimal prefix index

For a labeledsamplee���� � � 8�� , � leadinglabeledtokensof e is called � -prefix and
denotedby e�9/� : ��� � 9/� : � 8�9/� : � ; if �4� �P�,e �j�g� � e�9/� : �ge . Giventheprefix set x
� - � for
label

-
is d , the set x|�(� - ����?Ze�9/� : { e 2 xy� - ��A is called the � -prefix setof

-
in d ,

�w��� �!�����.� @�@�@ For two distinct labels
-

and
-�+

, the minimal prefix index is given by
�[� -P��-.+ ���'���0�P?z� { x|�(� - �6��x|�(� -�+ ���'�(A .
Example3. For the sampleset d Q in Example2, we obtain �[�0BEC(D(F.G�H � I_J D.K(L ) = 1.
Indeed,since x Q �0BEC(D(F.G�HE� = ? <hr>,<br> A and x Q � I_J D.K(L�� = ? <p> A , we obtain that
x Q �4B(C(D(F;G�H ) ��x Q ( I6J D;K(L )= � .

For theentireset d , we calculatetheminimalprefix index asthemaximumamong�[� -P��-.+ � for all labelpairsin
�

: �(����� ) � ?z�[� -5��-.+ � { -s�� -.+ AE@ Thevalue �(� establishes
the upperboundon the lengthof the reverseprefixesto deterministicallylabel any >
occurrencein d .
Minimal prefix set. The way we obtain the minimal prefix index �(� shows how to
replacethe full prefix sets xy� - � for all labelsin d with minimal prefix sets,denoted� xy� - � . Thedefinitionfor minimalprefixsetsis givenbelow; in additionto thefeature
establishedin Preposition1, calledseparability, suchsetsshouldsatisfytwo additional
conditions,namelycompletenessandminimality.
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Definition 1. Theminimal(reverse)prefixset
� x for label

-
in a sampleset d is such

a setof reverseprefixesfor which threefollowingfeatureshold:

Separability: � -�+��� -
in d :

� xy� - �6��xy� -�+ ���'� .
Completeness:for anyreverseprefix e in x
� - � , there existsa prefix � 2�� x
� - � such

that � is a prefixof e .
Minimality: �E� 2V� xy� - � , replacementof � with any proper prefix of � resultsin

loosingtheseparability feature.

For any
-
,
� xy� - � is obtainedfrom x
� - � by replacingany elementof xy� - � , first

with its � � -prefixwhichsatisfiestheseparabilityandcompletenessrequirementabove.
Then,wecantry to reducetheprefix further, till theminimality is reached.Thereexists
an incrementalprocedurewhich constructsthe minimal prefix setsfor all labelsin a
samplesetin polynomialtime [2]. For thesampleset dPQ , weobtaintheminimalprefix
index �E� equals1, and

� x ( BEC(D(F.G�H )= ? <hr>,<br> A and
� x (

I_J D.K(L ) = ? <p> A .
5 Nondeterministic prefix tr eetransducer

In theprevioussection,we have studiedthecasewhentheprefix treetransducerbuilt
from sampleset d is deterministic.However, aswe mentioned,�k�#�k�,d�� canbenon-
deterministic.In sucha case,Preposition1 doesnotholdandanalysisof tokenprefixes
is insufficient to disambiguatethetokenlabeling.In this section,we extendtheprefix-
basedanalysisto suffixesaswell andproposea wrapperinductionmethodthatcopes
with non-determinismin samplesets.

Assumethat two annotatedsamplese Q � e \ 2 d startwith the prefixes ��>5� - � and
�.>P� -�+ � , respectively, where

-
and

-.+
aredifferentlabelsof

�
. Any treetransducerbuilt

from set d will have a non-deterministicchoicewhentrying to labelthetoken > , since
samplese Q and e \ exemplify thedifferentlabelingof > , with

-
and

-.+
, respectively.

Thoughd canbenondeterministic,westill assumethat d is consistent, thatis, there
areno two differentsamplese Q ��� � Q � 8 Q � and e \ �=� � \ � 8 \ � in d , suchthat � Q � � \
but 8 Q ��'8 \ .

We will say that two distinct occurrences>5� - � and >5� -.+ � , -P�1-�+
2g�
conflict in

sampleset d , if xy� - �<��x
� -.+ � ��q� . As an example,considerthe transducer� \ in
Figure5. It hasanondeterministicchoiceatstate

� Q , wheretoken� ) �4� canbelabeledas
eitherasB(CED(F.G�H or

I6J D;K(L . Consideranexampleof annotatedsamplesetcorresponding
to this transducer.

``
`<hr>

q3

<p>q2
Author

<br>

q4<hr>

q1

Title

q0

Title

Fig. 5. Nondeterministictransducera(  .
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Example4. Let the label set
�

include labels BEC(D(F.G�H and
I6J D.KEL andthe annotated

sampleset d \ be ? <hr>, <hr> >5�0BEC(D(F.G�H�� <p> >P� I6J D;K(L(� <hr> >P�4B(C(D(F.G�H(� <p><br>,
<hr> >5�0B(CED(F.G�H�� <p><br> >P�4B(C(D(F;G�H(� <p><br>,
<hr> >5� I6J D.K(L�� <hr> >5�0B(CED(F.G�H�� <p> >P� I6J D.KEL(� <br> A .
For the sampleset d \ , we obtain the following inverseprefix setsfor B(C(DEF.G�H andI6J D.K(L : x ( > � B(CED(F.G�H )= ? <hr>, <hr> >P� I6J D.KEL�� <p> >P�4B(C(D(F;G�H(� <hr>,
<br><p> >5�0B(CED(F.G�H�� <hr>, <hr> >P� I6J D.KEL�� <hr> A , and
x ( > � I6J D.K(L )= ? <hr>,<p> >P�4B(C(D(F.G�H�� <hr>,<p> >5�0B(CED(F.G�HE� <hr> >5� I_J D.K(L�� <hr> A .

`
`

`
` `

`
`

<p> <br>
Author

<hr>
Title

<hr> <p>

Author
<hr> <p>

Author

Title
<hr>

Author
<p> <br>

Title

<br>

Fig. 6. Prefixtreetransducerfor v(  .

Thesetwo reverseprefixsetsconflictashaving thecommonitem<hr>. Thesolu-
tion to the prefix conflictsis in extendingthe analysis,beyondprefixes,to suffixesof
input tokens.Indeed,for a labeledtoken >P� - � in two conflictingsamplese Q and e \ , the
prefixcomparisonis insufficient,andtheconflict resolutionmightrequireto lookahead
andto comparesuffixesof �.> in e Q and e \ . Suchtechniquecorrespondsto postponing
theconflict resolutionin sub-sequentialtransducers[15]. If thesamplesetis consistent,
observingbothprefixesandsuffixescanprovidesufficient informationto disambiguate
labelingin conflictcases.Beyondthecaseof nondeterminismin samplesets,theanaly-
sisof suffixescanbeequallyhelpfulwhentheminimalprefixindexesandsetsobtained
by thepreviousmethodaretoo large.In suchcases,consideringwindowswhich com-
bineprefixesandsuffixescanconsiderablyreducethenumberof context tokensneeded
for thelabeldisambiguation.

Similar to prefix sets,we considerthe setof all suffixesfor >P� - � in d . Let >5� - �
appearin e 2 d , e��¡e Q >5� - � � + �,8 + � . The windowfor the given labeledtoken >P� - � is
definedasapair ��e � Q � � + � ; it containsthe(labeled)reverseprefixand(not labeled)suffix
of >5� - � . The setof all windows of >5� - � in e is denoted¢�� -P� e!� and the set of all
windowsof >P� - � in d is denoted¢�� - � : ¢�� - ���V?z~ �i��� ¢�� -P� e!��A .

Thefollowingprepositionestablishesanimportantrelationshipbetweentheconsis-
tency of a samplesetandlabeldisambiguation.

Preposition2 If a sampleset d is consistent,thenfor anypair of labels
-

and
-�+

in d ,
wehave ¢�� - �6�m¢�� -�+ �l�'� .

Proof. (Sketch)Fromcontradiction,let assumethata givensampleset d is consis-
tentbut a pairof labels

-
and

-�+
in d , ¢�� - �[�m¢�� -�+ � ��'� . Thenthereexistsa window£ ���,e � � � sharedby bothsets¢�� - � and ¢�� - + � . Therefored shouldhavetwo samplese Q and e \ suchthat e Q ��e^>5� - � � �,8�� and e \ �'eY>P� -�+ � � ��8 + � , andwhatever 8 and 8 + are,

d is notconsistent.
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5.1 Minimal window index

Preposition2 givesa generalmethodfor the deterministiclabelingwhensamplesets
containambiguoustranslations.Similarly to theprefixcase,now weintroduceminimal
window indexes and setsas compactalternative to the entire window sets.We will
determineminimalwindow setsfor all labelsby observingthe � -prefixesand � -suffixes,
wecanuniquelyidentify thelabelingfor any > occurrencein d .

Given the window set ¢�� - � for >5� - � , the set ¢���¤ ¥0� - �f�¦?���e�9/� : � �P9 � : { ��e � �[� 2
¢�� - ��A is called the �(� -window setof >P� - � in d , � � �§��� � ���1��� @�@�@ . For two distinct
labels

-
and

-.+
, theminimalwindowindex is givenby �(�,� -5��-.+ �¨��?��,� � �4� { ¢���¤ ¥4� - �u�¢ ��¤ ¥ � -�+ � = �(A . andmoreover thesum �k©�� is minimalamongall similarpairs.

For a givensampleset d , we calculatethe minimalwindowindex asthemaximal
window index �(� � ���,� +,� � + � for all pairsof labelsin

�
, where

� + = � ) � ?Z� { ��� � �4�l���(�ª� -P�1-�+ � ��-s�� -�+ A �
� + = � ) � ?!� { ��� � �4�l�'�(�,� -P��-.+ � ��-s�� -�+ A(@

The value �(� � establishesthe upperboundon the lengthsof � -prefix and � -suffix
thatguaranteetheuniquelylabelingof any occurrenceof > in d .

Minimal prefix set.Theminimalwindow set
� ¢ for all

-
in d aredefinedin the

way similar to the minimal prefix sets.Unfortunately, unlike the minimal prefix sets,
theremay exist many differentminimal window setsfor the sameset d andfinding
a globally minimal oneis an computationallyexpensive task.However, thereexists a
greedyalgorithmthatbuild the(locally) minimalwindow setsfor all labelsin d .

For the sampleset d \ above, we obtain the (globally) minimal window setsfor
B(CED(F.G�H and

I6J D.KEL asfollows:
� ¢��0BEC(D(F.G�H�� = ? ( � ,<hr>),(( � ,<br> A and� ¢�� I6J D.KEL )= ? ( � ,<p>) A . Finally, �(�,�0BEC(D(F.G�H )= �(�,� I_J D.K(L�� ) = (0,1).

6 Relatedwork

The wrapperinductionproblemhasbeenintensively studiedover last years [4,6,9,
11,13,14]. In [11], Kushmerickfirst identifiedsomesimpleclassesof HTML wrappers
whichcanbeefficiently inferredfrom labeledsamples.Theseclassesassumea tabular
structureof theresponsepage.Thewrapperinferenceis thereforereducedto theeffi-
cient detectionof tag sequencesprecedingeachlabel in sucha tabular form. In [13],
a wider setof HTML wrappersis considered.Beyond the tabular forms, the method
also induceswrappergrammarsin caseswhen somemissinglabelsare they change
theappearanceorderontheresponsepage.Otherwrapperclasseshasbeenproposedto
treatmultiple-valuedlabels,labelpermutations[9], nestedlabelsin well-formedHTML
pages[14] anddisjunctions[4,9,13]. Somemethods[9] arebasedontransducer-based
extractors;however, becausethesimplifyingassumptionsaboutthepagestructure,none
of thesemethodshashowever reachedthe100%successrate.

7 Experimentsand analysis

For experiments,wehaveselected16informationprovidersamongabout100onesgen-
eratedfor Xerox’sAskOncemeta-searcher(http://www.mkms.xerox.com/askonce).Se-
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lectedproviderscover two largedomains,general-purposesearchengines(8 sites)and
bibliographic dataproviders(8 sites).They representa wide rangeof complexity in
responsepages,including suchdifferent featuresasvarying occurrencesandpermu-
tationsof labels,interleaving responseitemswith advertisements,highlighting query
keywords,labelnesting,etc.

Thecomplexity of asiteis measuredby thenumberof labels,by thesizeof minimal
prefix/window sets(elementsof eithersetarecalledextractionrules)andby minimal
prefix/windowsindexes.Complex siteshave numerouslabelsandlarge

� x and
� ¢

sets,andconsequently, they requiremoresamplesfor theaccuratelearning.
The wrappersbasedon both minimal prefix andminimal window setshave been

successfullygeneratedfor all sites;in otherwords,samplesetsfor all sitesarecon-
sistentanddeterministic.In general,for the selectedset, the window-basedmethod
outperformsthe prefix-basedmethodon 11% in the learningspeed,reducesthe total
numberof ruleson 6% andnumberof tokensneededfor disambiguationin 1.6 times.
Table1 reportstheexperimentresultsfor all sites.Abbreviationsusedin the tableare
thefollowing:

H - totalnumberof labelsin
�

, including M and «�D.G�¬ ,
Sz - total sizeof minimalprefix/window sets,­'® { � xy� - � { or ­U® { � ¢�� - � { ,
RL-m(a), RL-a - maximalandaveragesizeof

� xy� - � or
� ¢�� - � ,� � , �(� � - minimalprefix/window indexes,

PL-a, WL-a - averagelengthof prefixes/windows in
� xy� - � or

� ¢�� - � , PL-a ¯N� � ,
WL-a ¯°�(� � ;

L-a - averagenumberof samplesneededto reach99%-accuracy.

Thelabelset
�

for all wrappershavebeenextendedwith aspeciallabel «�D.G�¬ which
is learnedlike any otherlabel; it resultsin halting the informationextractionprocess.
Using «�D.G�¬ allows wrappersto skip the mutetails of HTML pagesandthusto make
theminimalprefix/window setssmaller.

For eachsite, { d { � � ±
labeledsampleshave beenpreparedfor the evaluation

of wrapperinductionprocess.Accuracy of learningis measuredby the percentageof
correctlyextractedand labeledtokensfrom a page.For eachsite, 5 testshave been
performed,eachtestconsistsin learningtheminimalprefix/window setsfrom � =1,2,3,...
randomlychosensamplesandtestingtheremaining(15-� ) samplesagainstthelearned
set.Theaveragenumber(over5 experiments)of samplesneededto learn99%-accurate
prefix/window setsis reportedin thetable.Herewesummarizesomeimportantresults.

1. The secondgroup of providers appearsto be more complex than the first one.
Deja.comandGo.comarethesimplestamongselectedproviders,their resultshave
aregulartable-likeform. Theprefix/window setsfor bothsitescontainoneruleper
eachvaluablelabelandtheremainingrules,15and16respectively, copewith label
M usedto ignoreHTML fragmentsbeforeandwithin theanswerlist.

2. Many siteshave a largegapbetweenRL-m (referringalwaysto label M ) andRL-
a values.This gapis particularlyimportantfor advertisement-basedsiteslike Al-
tavistaandExcite,while it remainsminimalfor no-advertisementsites(Google.com,
DBLP, ACM4 andMedline).

4 http://www.informatik.uni-trier.de/̃ley/db, http://www.acm.org/dl/Search.html.
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3. Cora is an exampleof searchenginesthat visualizequery keywords in answers
by usinga particularfont. This splits a uniqueuserlabel, suchas B(²[³ZD(H;´�µZD , in
multiple fragments;it resultsin animportantnumberof rulesfor B(²[³ZD(H;´�µZD label,
in bothprefix-basedandwindow-basedinductionmethods.

4. Yahoo.comanswerscombinecategory entriesandsites.Thesetwo sublistshave
commonand different labels.This makesthe learningof Yahoowrappermuch
longerascomparedto any otherprovider in thefirst group.

5. Medlinediffersfrom othersitesby thelargenumberof userlabels(21).Although
otherparametershave valuescloseto averageones,sucha largenumberof labels
andtheir combinationsresultsin thebiggestsizeof thesamplesetandthelongest
learningprocess.

6. The most difficult casetakesplacewith CSBiblio and IEEE 5 siteswheresev-
eral labelslike referencesto PDF/PS/HTMLcopiesof a publicationoften share
the samecontext (seeFigure 1); this resultsin a very large prefix and window
indexes(65 and44 for CSBiblio, 45 and23 for IEEE). Consequently, large pre-
fixes/windowsrequirea longerlearning.Possiblesolutionsfor caseslike CSBiblio
and IEEE areeither the normalizationof conflicting labelsby merging them in
onejoint label [3] or theextensionof purelygrammaticalinferencemethodswith
somenon-grammaticalcomponents(suchas recognizersfor explicit stringslike
’PDF’,’HTML’, etc.)[2,9,11].

Site ¶ Prefixes Windows
Sz RL-a RL-m PL-a ·(¸ L-a Sz RL-a RL-m WL-a ·�¹º¸ L-a

Altavista.com 7 37 5.3 26 1.5 4 2.1 37 5.3 26 1.5 4 2.1
Google.com 9 29 3.2 11 2.4 4 2.3 27 3.0 11 2.3 3 2.1
Excite.com 7 27 3.9 19 1.4 3 2.0 27 3.9 19 1.3 3 2.0
Yahoo.com 6 30 5.0 14 3.8 20 4.4 29 4.8 14 1.3 4 3.8
Metacrawler.com 9 37 4.1 21 2.2 6 2.6 34 2.8 18 2.0 5 2.2
Go.com 6 21 3.5 16 1.8 8 1.2 19 3.2 14 1.5 4 1.1
Deja.com 6 20 3.3 15 1.6 4 1.1 17 2.8 12 1.4 3 1.1
CNN.com 7 36 5.1 22 1.5 4 2.2 35 5.1 21 1.5 4 2.2
DBLP 8 13 1.6 3 1.8 3 1.6 13 1.6 3 1.8 3 1.6
ResearchIndex 5 28 5.6 17 2.2 7 2.5 24 4.9 15 1.9 4 2.2
CSBiblio 10 32 3.2 17 4.6 65 8.7 32 3.2 17 3.8 44 8.2
ACM Search 9 18 2.0 9 2.1 4 1.6 18 2.0 9 2.1 4 1.6
IEEEDL 7 23 3.3 16 3.8 45 6.5 21 3.0 15 2.7 23 5.0
Elsevier 12 28 2.3 12 2.7 9 1.5 26 2.1 11 2.1 4 1.5
Medline 21 43 2.0 6 2.2 5 9.2 38 1.8 6 2.0 5 8.5
Cora 12 34 2.8 15 2.7 6 3.3 32 2.6 15 2.5 6 3.0

Average 8.8 28.5 3.5 14.9 2.4 12.3 3.3 26.8 3.2 14.1 2.0 7.7 3.0
Table1. Resultsof wrapperinductionfor 16 informationproviders.

5 http://www.computer.org/search.htm
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8 Conclusion

We have proposedtwo powerful wrapperclassesfor mediatorand agentWeb sys-
tems.The wrappergenerationbasedon the transducerinductionhasbeentestedwith
a numberof realWebinformationproviders.Experimentshave shown a largeexpres-
sivepowerof new wrapperclasses.Experimentswith suchsitesasIEEEandCSBiblio
have beenparticularlyhelpful, asthey help to establishthe limits of prefix-basedand
window-basedmethods,andpuregrammar-basedmethodsin general.They show that
if theperfectinformationextractionandlabelingis requiredfrom wrappers,puregram-
maticalmethodsshouldbeextendedwith non-grammaticalcomponents.
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