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Abstract

Integrating DeepWeb sourcesrequires highly accurate
semantianathesbetweenheattributesof thesourcequery
interfaces. Thesemathesare usuallyestablishedy com-
paring the similarities of the attributes' labels and in-
stancesHowever, attributeson queryinterfacesoftenhave
no or very few data instances. The pervasivelack of in-
stancesseriouslyreduceghe accuracyof currentmatding
techniques. To addressthis problem,we describeWeblQ,
a solutionthat learns from both the SurfaceWeb and the
DeepWebto automaticallydiscover instancedor interface
attributes. WeblQ extendsquestionansweringtechniques
commonlyusedin the Al communityfor this purpose We
describehowto incorporate WeblIQ into currentinterface
matding systems. Extensiveexperimentsover ve real-
world domainsshowthe utility of WebIQ. In particular, the
resultsshowthat acquired instanceshelp improve matc-
ing accuracy from 89.5%F-1 to 97.5%, at only a modest
runtimeoverhead.

1 Intr oduction

The World-Wide Web is often divided into the Surface
Webandthe DeepWeb[11, 22, 12, 28]. The SurfaceWeb
consistof billions of brawsablepagesyhile theDeepWeb

elds hundredsof thousandof datasourced6], suchas
amazonexpedig andrealestatecom

SinceDeep-Wbdatasourcegsontainmuchvaluablein-
formation hiddenbehindtheir query interfaces mary ef-
forts have focusedon queryingandintegratingthe sources.
Early worksinclude[22, 8, 14, 16, 2] in the databasend
Al communities.Recentefforts include[11, 3, 12, 28, 26,
1, 18, 27], andrecentindustrialactvities involve mary star
tups, suchas Transformi¢ Glenbiook Networks and Web-
scales. Givena domainof interest,suchasbook, movie,
real estateor air travel, animportantfocusof theseefforts
is to build a uniform queryinterfaceto the datasourcesn
thedomain therebymakingaccesso theindividualsources
transparento users.

To build sucha uniform query interface,a domainde-
veloperoften must solve the interface matding problem:
givenalarge setof sourcesn adomain, nd semantiacor
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FIGURE 1: Two query interfacesin the air travel do-
main and semanticmatchesbetweenthem.
respondencesalledmatdes betweerthe attributesof the
queryinterfacesof thesourcegl1, 28, 26]. Consideffor ex-
ampletwo queryinterfacesQ, andQy, in Figurel. Example
matchesncludeattribute A; = From city of Q, matching
B, = Departure city of Qp, As = Airline matchingBs =
Carrier, andsoon. Oncetheinterfaceshave beenmatched,
approachesuchas [27] can be employed to constructa
uniform queryinterfaceandto facilitate queryingthe data
sources.

To matchattributesof queryinterfacesyirtually all cur
rentsolutionsexploit the similarity betweenabelsaswell
as that betweendata instances Examplelabelsinclude
From city for attribute A; and Class of service for A4
(seeFigure1). Exampleinstancesnclude Economy for
attribute A4 andAir Canada for As.

A major challengefacing thesesolutions, however, is
the pervasivelack of data instances Queryinterfacesof-
ten containmary attributeswith no instanceat all, suchas
attributesA1; B, andB in Figurel. Indeed,for the ve
datasetsusedin our experiments(seeSection6), the per
centageof attributeswith noinstancerangedrom 28.1%to
ashigh as74.6%. For attributesthat comewith instances,
the numberof suchinstancess often smallandevenwhen
theattributesmatch theirinstancesreoftendissimilar For
example,the two attribute As = Airline andB3 = Carrier
match,but the former lists instanceghat aremostly North
Americanairliners (e.g., Air Canada) andthe latter lists
mostly Europearairliners(e.g.,Aer Lingus).

Matching attributes with no or dissimilar instancesis
very challenging,sincewe canrely only on their labels,
which areoftengenericor similarto mary otherlabels.For
example thelabelof attribute B 1, Departure city, is simi-
lar to thatof bothA; (From city, a matchingattribute) and
A, (Departure date, anon-matchingttribute). As another
example,thetwo matchingattributesAs = Airline, andB3

Query interface Q,



= Carrier, have nocommonword in theirlabels.

It is importantto note that the lack of datainstances
ariseseven in traditional schemamatchingcontexts, such
asduring schemaor view integration[23]. However, there
the schemado be matchedoften containa variety of other
meta-datanformationthat canbe exploited effectively by
currentmatchingtechniqueq23]. Examplesof suchmeta
dataincludeattributetypes,cardinality the structuralinfor-
mationamongattributes,andsemantidntegrity constraints.
In contrast,by their nature,query interfaceson the Deep
Web containvery little or no suchmeta-datanformation.
Hence herethelack of datainstanceseverely exacerbates
the matchingproblem. Consequentlyit is importantto de-
velopsolutionsthatdiscover datainstancedor interfaceat-
tributes,asthesesolutionscansigni cantly improve thein-
terfacematchingaccurag.

In this paperwe describeéNVeblQ, a solutionthatlearns
from both the SurfaceWeb andthe DeepWeb to automat-
ically discover instancedor interfaceattributes. The solu-
tion consistof the following threecomponents:

Discover Instancesfrom the Surface Web: Givenan at-
tribute A, suchasDeparture city, WeblQ formulatesex-
tractionqueriessuchas“departurecitiessuchas”, usingthe
attribute label anda setof lexico-syntacticrules[13]. For
instancearule mayspecifythat“if thelabelL is asingular
nounphrasethenform the query “[plural form of L] such
as™.

Next, WeblQ poseghe queriesto a searchengine(e.g.,
Google),to obtaina setof resultsnippets.Figure2 shavs
suchasnippet,in responseo the above query

FIGURE 2: A resultsnippetfrom Google.

WeblQ thenexaminesthe snippetgto extract candidaten-
stancesFromthe above snippet,WeblQ will extractthree
instancedBoston, Chicago, andLAX.

Similar query-the-Suiice-Wb approacheshave also
beenstudiedin the Al community for exampleto populate
ontologieg10]. However, in thecontext of interfacematch-
ing, formulating extraction queriesis signi cantly more
challenging.Thisis becausettribute labelsoftentake syn-
tactic forms that are not nounsor noun phrasessuchas
From city (a prepositionalphrase). To addresghis prob-
lem, WeblQ performsa shallowsyntacticanalysison the
attribute label, using part-of-speectiPOS)tagging[5] and
patternmatching thenusesthe analysisresultsto form ap-
propriatequeries. It also addsto such querieskeywords
formedfrom labelsof otherattributes,to narrav the scope
of thequeries.

Sincethe Web is often noisy; in the next stepWeblQ

mustensurahattheextractednstancesireindeednstances
of the attribute. Towardthis goal, it employs a two-phased
validationprocessFirst,in theoutlier detectiorphaseWe-
blQ detectsandremovesfalseinstancedy performingdis-
cordang testg4], basedn a setof type-speci cteststatis-
tics. Second,n the Web validation phase WebIQ forms
a set of validation queries, using the attribute label, the
extractedinstancecandidatesand a set of validation pat-
terns. For example,a validationqueryfor instancecandi-
dateBoston is “Departurecity Boston”. WeblQ thenposes
validationqueriesto the SurfaceWeb,computegor eachin-
stancecandidatea validation score,andreturnsthosewith
sufciently high scores.This two-phasevalidationprocess
hasanadditionaladvantagehatit greatlyreduceghenum-
berof validationqueriegposedo searchengines.

Borrow Instancesfrom Other Attrib utes: Given an at-
tribute A, WeblQ alsoattemptgo “borrow” instancegor A
from otherattributes. Speci cally, supposéis aninstance
of attribute B, thenWeblQ will try to ascertainf bcanalso
beaninstanceof A. Notethatthis cansigni cantly helpus
to matchA andB. In Figurel, for example,WeblQ can
try to ascertainf instancelan of attribute A, = Departure
date canalsobe aninstanceof attribute B, = Departure
on, or if instanceAer Lingus of B3 = Carrier canalsobe
aninstanceof As = Airline.

To verify thataninstanceb of attribute B is alsoanin-
stanceof A, one approachis to obtain a setof instances
from the SurfaceWebfor A, thencheckif bis amongthem.
We foundthatthis approactdoesnot work well becauséd
oftenis notin the top instancedor A (asdiscoveredfrom
the SurfaceWeb). Anotherapproachs to form validation
gueriesasdescribeckarlier but usingthelabelof A andthe
instanceb, thencheckif the validationscoresarecompara-
ble to thosefor the (existing) instance®f A. We foundthat
this approactdoesnot work well becausealidationscores
for b (e.g.,Aer Lingus) areoftenmuchlowerthanthosefor
theexistinginstance®f A (e.g.,Air Canada).

We obseredthata morereliableway to assesshe val-
idation scoresfor b is to comparethemwith thosefor the
non-instancef A (e.g., if A is Airline then Economy
from attribute Class of service is a non-instanceof A).
Theintuition is that the validationscoresfor the instances
andthe non-instance®f an attribute arelikely to be quite
separableandthis sepaationcanbeexploitedto accurately
classifynew instancesBasedonthisintuition, WeblQ rst
trainsavalidation-basedlassi er for A usingtheinstances
of otherattributeson A's interface as negative examples,
thenemploystheclassi er to predictthe membershipf b.

Validate Borr owed Instancesvia the Deep Web: Con-
sideragainan attribute A. As discusseckarlier if A's la-
bel is not in “benign” syntacticform (e.g., hounor noun
phrase)jt may be dif cult to formulatereliable extraction
gueries Furthermorethe extractionqueriesmayfail to ob-
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FIGURE 3: Stepsin discovering instancesfr om the Surface Web.

taininstancegrom the SurfaceWeh

In thesecasesye canborrow instancegor A from other
attributes, as just discussed. However, it is unlikely that
validatingthemvia the SurfaceWeb will work well, given
thatit is hardto formulatereliableextractionqueriesor that
thesequerieshave notreturnednstances.

To addresghis problem,WeblQ developsa solutionto
validateinstancewia the Deep-Wb sources.Speci cally,
to verify thatbis aninstanceof attribute A, WeblQ submits
aqueryto thedatasourceof A, with A'svaluesetto b, then
obsenestheresponsdrom the source.Thekey intuition is
thatin mary casegshe Deep-VWbsourcewill beableto dis-
tinguishinstance®f anattributefrom non-instanceesvenif
the SurfaceWeb cannot.For example,consideranattribute
with label from (for the ight origin) on an airfare inter-
face. While both from January andfrom Chicago might
frequentlyoccuron the SurfaceWeb (thusmakingvalidat-
ing viathe SurfaceWebdif cult), oftenqueryingthesource
with attribute from setto Chicago will yield somemean-
ingful results,whereagjueryingwith from setto January
will not.

In summarywe make thefollowing contrikutions:

A setof novel techniquesas embodiedby the We-
blQ system,that automaticallyacquireinstancesfor
attributesof queryinterfacesfrom the SurfaceWeband
theDeepWeb(Section2-4). Thetechniqueslsohave
potentialapplicationsn the generalschemanatching
contets (Section8).

Theincorporationof theabove techniquesnto a state-
of-the-artinterfacematchingsystem(Section5).

Extensve experimentsover ve real-world domains
thatdemonstratehe utility of our techniques.n par

ticular, the resultsshowv that acquiredinstanceshelp
improve matchingaccurag from 89.5%F-1t0 97.5%,
atonly amodestruntimeoverhead Section6).

2 Discover Instancesfrom the Surface Web

We now describethe threecomponent®f WeblQ. This
sectiondescribesSurface, thecomponenthatdiscoversin-
stancedrom the SurfaceWeb, while the next two sections
describéheremainingtwo componentsSections thendis-
cusse$fiow thecomponentsareincorporatednto lceQ [28],
arecentlydevelopedinterfacematchingsystem.

Givenan attribute A anda constantk, Surface returns
up to k instanceof A, asgleanedfrom the SurfaceWeh

It operatesn two phases:extractionandveri cation (Fig-
ures3.a-b,respectiely).

In the extractionphase Surface analyzeghe syntaxof

A'slabel,andformulatesa setof extractionqueries.t then
posedhequerieso asearchengine obtainstheresults,and
extractsinstancecandidatesln the veri cation phaseSur-
face rst removesstatisticaloutlier candidatesthen veri-
es therestof the candidatewia the SurfaceWeh Finally,
it returnsthe top k candidatesas ranked by their valida-
tion scoreqif therearefewer thank candidatesthenit re-
turnsall of them). Therestof this sectiondescribeshe two
phasesn detail.

2.1 The InstanceExtraction Phase

Analyze Label Syntax: As discusseckarlier an attribute
label may take a variety of syntacticforms suchas noun
phrase(e.g., Departure city and Type of job), preposi-
tional phrasge.g.,From andFrom city), verbphrasdge.g.,
Depart from), andeven a sentence.Intuitively, it is rela-
tively easierto formulatereliable extraction queriesusing
nounsor noun phraseghanothermore open-endedorms
suchasprepositionsAs such this stepanalyzesnattribute
labelto extractnounsor nounphraseswhich arethenused
in subsequerdtepsto form extractionqueries.

Speci cally, given an attribute A, Surface checksA's
label for the occurrenceof eithera nounphrase,a prepo-
sitional phrase(a prepositionfollowed by a noun phrase),
or a noun phraseconjunction(a setof noun phrasescon-
nectedby conjunctvessuchas“and” and“or”, e.g.,First
name or last name). For a prepositionaphrasethe noun
phraseafterthe prepositionis obtained.For a nounphrase
conjunction, all noun phrasesin the conjunctionare ob-
tained,andtherestof the instancediscovery processs re-
peatedfor eachnounphrase.If the label doesnot contain
nounphrasestheextractionphasderminatesandreturnsan
emptysetof instances.

To determinethe syntacticform of the label, Surface
employs a shallow syntacticanalysisapproachwhich in-
volvespart-of-speeh (POS)tagging andpatternmatcing.
Speci cally, rst Brill' s tagger[5] is employed to tag the
label. TheobtainedPOStagsarethenmatchedagainsia set
of pre-determinegatternsto identify the interestingsyn-
tacticforms (asdescribedabove). For example,the pattern
for nounphrasess:

optional determiner + optional modiers
(adjectves/noun-adjectes) + noun + optional
post-modi er(e.g.,prepositionaphrase).



Setextractionpatterns:
sl:LssudasNPy, ...,NP;,
s2:suc LsasNPy, ...,NP,

s3:LsincludingNPy, ...,NP,
s4:NP, ...,NP,, andotherLs

gl:thel oftheOis NP
g2:theL isNP

Singletonextractionpatterns:

g3: NPisthelL oftheO
g4: NPisthelL

FIGURE 4: Extraction patterns(L: label; Ls: L'splural
form; NP: noun phrase; O: object name)

Sucha patternmatchingapproachhasbeenshowvn to be
moreaccuratén mary applicationdhanmoresophisticated
syntacticparsing[17].

Formulate Extraction Queries: Giventhe nounphrases,
this stepformulatesa setof extractionqueriesfor attribute
A. At ahigh level, we view instancediscovery asa ques-
tion answeringproblem, as commonlyunderstoodn Al:
we posea questionthe extractionquery to a searchengine
to obtaina setof instancesasthe answer The extraction
gueriescan be regardedas incompletesentencesand the
job of the searchengineis to completethe sentencesvith
instances.

Speci cally, Surface formulatesextraction queriesus-
ing thenounphrase®btainedrom thelabelof A andsome
domaininformationfrom the schemé of A. Domaininfor-
mationis usedto narrov the scopeof formulatedqueries
asmuchaspossible. We considerthe following types of
domaininformation:

The nameof the real-world entity that A is associated
with (e.g.,"book” onabookstoranterface).

The nameof the domain(e.g. “real estate™for areal
estatenterface),and

The labels and instancesof other attributes in the
schema (e.g., “titte” and “isbn” in a bookstore
schema).

We notethatthe nameof the objectis typically the sameas
the nameof the domain,andfurtherthattheseinformation
canbeobtainedautomatically

Extractionqueriedall into two cateyories:setextraction
gueriesandsingletonextractionquerieswith theformerex-
tracting a setof instancesandthe latter oneinstanceat a
time. The formulationof both typesof queriesis basedon
asetof genericextractionpatterndistedin Figure4, where
si's(g; 's) aretheset(singletor) extractionpatternsrespec-
tively. Note that the set extraction patternsare similar to
thoseusedin [13] for theacquisitionof hyponymdrom nat-
urallanguageexts. Eachextractionpatternconsistsof two
parts: cue phrase(shown in italic) and completion(NP or
NP;'s). For example,the cuephrasein s; is Ls such as,

1In the restof the paper we usethe terms®schema@ndaqueryinter
faceinterchangeably

whereLs is the plural form of thelabel L, andthe comple-
tionis alist of nounphrasesNP;, ..., NP, , eachconsidered
to beaninstancecandidateor the attribute.

Given the set of extraction patterns, the extraction
gueriesare formed using the cue phrasedn the patterns.
Speci cally, for eachpattern,its cuephrases rst materi-
alizedby replacingL with the nounphraseobtainedfrom
the label of attribute A. For example, supposethat A is
anattribute in a bookstoreschemaandhasa label author.
Then,s; will generateauthors such as andg; will yield
the author of the book is. Next, thecuephrasesreaug-
mentedwith the domaininformationand properly format-
tedaccordingto the querysyntaxof searchenginesresult-
ing in the nal extractionqueries. For example,onesuch
extractionqueryto Googleis

“authors such as” +book +title +isbn

wherebook is thenameof thedomain title andisbn arethe
labelsof someattributesin the schema.Note that double
guotesenclosea phrasewhile “+' signsrequesiGoogleto
ensurghattheresultscontainthe speci ed keywords.

Extract Instancesfrom the Surface Web: The extrac-
tion queriesare then posedto a searchengine, which
is Google in our experiments (using its Web API at
www.google.com/apis). For each extraction query we
downloadtop k snippetgeturnedrom Google.Finally, we
employ a setof extraction rules to obtaininstancecandi-
datesfrom the snippets.Eachrule corresponds$o one ex-
tractionpatternin Figure4. An extractionrule consistsof
two parts: the rst partidenti es the cue phraseand the
secondpart extractsthe completion For example,the ex-
tractionrule for the snippetin Figure2 is: (1) identify the
occurrenceof the cue phrase‘departurecities suchas” in
the snippet;and (2) extractthe list of nounphrasesvhich
immediatelyfollow the cuephrasej.e., Boston, Chicago,
andLAX.

2.2 The InstanceVeri cation Phase

Remove Outliner Instance Candidates: Given a set of
instancecandidatesSurface prunesthe setfurtherin two
steps:pre-ptocessingwhich determineghe type of thein-
stancalomainandremovescandidatesvhicharenotthede-
terminedtype; andtype-speci cdetection which emplgys
asetof type-speci cteststatisticsto detectandremove fur-
theroutlier candidates.

The pre-processingstep employs a set of type-
recognizingregularexpressionso determinghetypeof the
instancedomain.Currentlywe consideionly two types:nu-
mericandstring. If themajority of instancecandidatese.g.,
80% in our experiment)are either monetaryvalues(e.g.,
$15,200),integers, or real numbers,the instancedomain
will be determinedo be numeric;otherwiseit is string.

Next, the type-speci c detectionstep performsdiscor
dancytestg[4] with a setof teststatisticsall assumedo be



normally distributed. An instancecandidatds considered
to be anoutlier if its teststatisticis at leastthreestandard
deviationsaway from the averageover all the candidates.

For instance®f numerictype,theteststatisticsaretheir
values.For example,it is unusuaffor the price of abookto
be $10,000. For instanceof string type, the teststatistics
are:

thenumberof wordsin theinstanceg.g.,it is unusual
for a persons nameto have morethanfour words;

the numberof capitallettersin the instance.e.g.,the
rst letterof acity nameis typically capitalized:;

thelengthof theinstance(i.e., the numberof charac-
tersin the instance),e.g., it is unusualfor the make
of avehicle(suchasHonda, Toyota) to have over 20
charactersand

thepercentagef numericalcharacterén theinstance,
e.g.,theisbn of abooktypically hastendigits andno
morethanthreehyphensor white spaces.

Validate Instancesvia Surface Web: Web validationfur-
ther removesfalseinstancedrom the candidatesetby as-
sessinghesemanticonnectiorbetweerthecandidateand
the attribute, basedon their co-occurrencetatisticson the
SurfaceWeh Theideais thatthe meaningof aninstancex
canbepartlycharacterizetly thecontextswherex appears.
As such,if x isindeedaninstanceof attribute A, we expect
thatthe label of A may frequentlyco-occurwith x. Such
co-occurencestatisticscan then be exploited to measure
the semanticonnectiorbetweerA andx.

As anexample,supposdahat A haslabelmake (for au-
tomobiles). ConsiderHonda, one of A's instances. We
would expect that make can often be found in the con-
text of Honda in variedwaysover the SurfaceWeb pages,
e.g.,“a variety of makes such as Honda, Mitsubishi”,
“Make: Honda, Model: Accord”, and“This car's make
is Honda”, asindicatedby Google.

Basedon the above obsenation, for eachinstancecan-
didatex of attribute A, we form severalvalidationqueries
using a setof validation patterns. Eachvalidation pattern
hastwo parts: a validation phraseV andthe candidatex.
Currently we considertwo typesof validationpatterns:

Proximity-basedattern“L x”, whereV = L, thela-
bel of A. This patternsimply considersthe proxim-
ity of L andx. For example,this patterngives“make
honda"asthe validationqueryfor L = make andx =
Honda.

Cuephrase-basegbatternssuchasLs such as x and
such Ls as x, which utilize the cuephrasesn the ex-

traction patterns(Figure 4) asthe validationphrases.
For example,makes such as Honda is a validation

gueryformedby thesepatterns.

Intuitively, validation phrasessene the purposeof distin-
guishinginstancesof an attribute from non-instances In
otherwords, we expectthat instancesf an attribute tend
to occur more frequentlywith the validation phraseghan
non-instancesA possiblemeasuren the co-occurrencef
an instancewith a validationphraseis the numberof hits
obtainedfrom a searchenginefor the validation queries
constructedasabore. A problemwith this measurds the
potentialbiastowardspopularinstancegor non-instances).

To handlethis problem, we adaptthe pointwise mu-
tual information(PMI) [10] to measurehe co-occurrence.
Speci cally, consideravalidationphrasev andaninstance
candidat. LetV + x bethevalidationquery(which com-
binesV andx). The PMI betweenV andx, denotedas
PMI (V; x), is thengivenby:

NumHits(V + x) ]
NumHits (V) NumHits(x)’

whereNumHits (V) andNumHits(x) arerespectiely the
numberof hits obtainedrom asearchengineonthevalida-
tion phraseandthe instancecandidateandNumHits (V +
X) is the numberof hits onthevalidationquery Intuitively,
PMI betweenV andx measureshe statisticaldependence
of V andx suchthata larger PMI indicatesa strongerde-
pendence.

Denotethe set of validation phrasedor attribute A as
V = fV1;Vs; 5 Vhg. Thecon dencescoreof x beingan
instanceo'{,A is thentaken to be the averagePMI score
of x, i.e., ;(PMI(V;;x))=n. Surface thenreturnsthe k
instancecandidatesvith top score.

3 Borrow Instancesfrom Other Attrib utes

Given an attribute A, WeblQ can also “borrow” in-
stancedor A from otherattributes. Speci cally, supposé
is aninstanceof attribute B, thenWebIQ will try to verify
if b canalsobe aninstanceof A. This veri cation process
canbe donevia the SurfaceWeb or the DeepWeh This
sectiondescribe#ttr-Surface, theWeblQ componenthat
veri es instancewia the SurfaceWeh Thenext sectionde-
scribesAttr-Deep, thecomponenthatveri es instancevia
theDeepWeh

To verify if instancef B canbeinstanceof A, Attr-
Surface rst learnsaninstanceclassi er for A from atrain-
ing set,thenemplgys the learnedclassi er to classifythe
instancexf B. Many previous works on schemamatch-
ing [9, 23] have utilized variedformsof instanceclassi ers,
but they all rely on a large numberof training examples.
Suchalargetrainingsetis notavailablefrom theinterfaces,
sincean interfaceattribute typically hasonly a handful of
instancesvailable on its interface. Furthermorejt might
be expensveto obtainalarge numberof instancedrom the
Weh To addresghesechallengeswe develop a novel ap-
proachto learninganinstanceclassi er for aninterfaceat-
tribute. Thelearnedclassi er canberegardecdasavariantof




Attribute: Airline
Instances: (Air Canada, American, Delta, United)
Non instances: (Economy, First Class, Jan, 1)

Validation phrase 1: (Airlines such as)

Validation phrase 2: (Airline is)

(b)

Example M1 M2  Class P(#) =P()=1/2
@ Air Canada .5 3 + (2)(4)(54)(8+)  —= 145
Example M1 M2 Class , American 8 1+ T (03)(05)(1#)(3#) —= w075 PESMZIA
- Economy 4 .03 ® (f1=0[+) =
AirCanada .5 .3 * FirstClass .2 .05 P(i1=1]) = 1/4
American 8 1 + P(f1=0] ) = 3/4
Delta 6 3 o+ @
United 9 4 + Example M1 M2 Class Example fl f2_ Class / P(f2=1|+) = 3/4
oo dmed A P(f2=0|+) = 1/4
Economy 4 .03 Delta 6 3 + Delta 1 1 + PEfZ:l: )): 112
FirstClass .2 .05 United 9 4 + —= T2 United 11 + —0[) =
™ P(f2=0]) = 1/2
Jan 1 .06 Jan 1 .06 Jan 0 0 -
1 3 .09 1 3 09 1 o 1 ®

© (e)

()}

FIGURE 5: An exampleon training the validation-basedclassi er.

traditionalnaive Bayesclassi er, but basedon a validation
scheme Anotherdistinctaspecbf the approachis thatthe
training of the classi er is fully automati¢ with no needs
for manuallypreparedrainingexamples.We now describe
theclassi er andits trainingalgorithmin detail.

3.1 A Validation-basedNaive BayesClassi er

A naive Bayesclassi er [19] is a probabilisticfunction
which, givenanobjectrepresentelly afeature-aluevector
anda nite setof classespredictsthe classmembershipof
the object. The predictionis basedon prior probabilitiesof
theclassesglass-conditiongbrobabilitiesof theobject,and
theassumptionhatthefeaturesf anobjectareindependent
of eachothergivenits classlabel.

More precisely consideran objectx representedby a
vector<f 1;f,;:::;f,>, wheref; is the value of the i-th
featureof x. Assumewo classesc and: c. Theprobability
of x belongingto the classc, denotedby P (cjx), is then
givenby:

P(c) iP(fijc) .
P(0) iP(fijg+P( o iP(fij: o’

1)

Clearly, featuresfor a classshouldcapturethe salientas-
pectsof theinstance®f the classsothatthey canbedistin-
guishedrom the non-instancesf the class.Our key obser
vationis that the statisticsobtainedfrom the SurfaceWeb
on the validationqueriesfor anattribute canbe utilized as
thefeaturedor theattribute. Speci cally, we expectthatthe
PMI scoreof validationqueriesfor instance®f anattribute
arelikely to be muchhigherthanthosefor non-instancesf
the attribute, and that this distinction can be exploited to
performclassi cation.

Motivatedby theabove obsenation,we represenanob-
ject by its thresholdedralidationscores.Speci cally, con-
siderattribute A andan objectx. LetV = fVy;::;Vhg
be the set of validation phrasesassociatedvith A. First,
we obtainx's validationscoresandstorethemin a valida-
tion vectorM = <m 1;:::;m,>, wherem; is x's valida-
tion scoreon thei-th validationqueryof A. Lett; bethe
thresholdfor thei-th validationscore(which we shov how
to estimatein the next subsection). Thenwe usethet;'s

to represenk with ann-dimensionalvector<f ;;:::;fn>,

wheref; = 1if m; > t;, and0 otherwise.Intuitively, the
thresholdscharacterizehe separatiorin validation scores
betweertheinstancesandthenon-instancesf A.

3.2 The Training Algorithm

Trainingtheclassi er for anattribute A amountgo esti-
matingthe probabilitiesin Formulal. Thetraining process
can be divided into three steps: training set preparation,
thresholdestimation,and probability estimation. We now
describesachstepin detail. Figure5 illustratesthe process
of trainingthe classi er for the Airline attribute (As) onthe
interfaceQ, shavnin Figurel.

1. CreateTraining SetT: First, we obtaina setof in-
stancesndnon-instance®r A. Thenon-instancesf A are
obtainedfrom other attributeson the sameinterfaceasA.
For example, Figure5.ashavs instancegndnon-instances
of Airline usedfor thetraining. Next, for eachinstanceof
A, we obtainits validation scoresas describedn Section
2.2, using the Surface Web, and thenturn it into a posi-
tive example.Similarly, we createnegative examplesusing
non-instancesf A. For example Figure5.bshavstwo val-
idationphrasesssociateavith the attribute As, andFigure
5.cshavstheobtainedrainingsetT, wherethem; andm,
columnsshaw the rst andsecondalidationscoresrespec-
tively.

Finally, T is dividedinto two parts: T; and T,, where
T, is usedto estimatehethresholdsandT, to estimatethe
probabilities.For example Figure5.dand5.eshovs T, and
T,, respectiely. NotethatT; containghe rst two positive
examplesandthe rst two negative examplesn T.

2. Estimate the Thresholds: In this step,we useT; to
estimatethresholdg;'s. Considerthresholdt; for the fea-
ture f;. Intuitively, a good thresholdshould be the one
thatbestseparatepositive and negative training examples
in T;. For this, we useinformationgain [19] to measure
the quality of t;. Speci cally, supposethatt; dividesT;
into T11 (wheref; < t;) and Ty, (wheref; ti). The
information gain with respectto t; is then computedas
E(T1) (Tuj=T1 E(T11)+jT12j5Taj E(T12)), where
E (x) denoteghe entropy of x. In otherwords,we choose



ti suchthatit leadsto thelargestreductionin theentropy of
thetrainingexamplesin T;. For example,Figure5.f shavs
thederivationof t; andt,.

3. Estimate the Probabilities: In this step,we rst apply
the learnedthresholdg;'s on T, to transformeachvalida-
tion vectorinto afeaturevector Thisresultsin T asshavn
in Figure5.g. T2 is thenusedto estimatethe probabilities.
Speci cally, P(f; = 1j+) is estimatedo bethe percentage
of positive examplesin T2 with f; = 1. To avoid extreme
0/1 probability estimateslLaplacearsmoothing[19] is ap-
plied. Otherconditional probabilitiesare estimatedsimi-
larly. Figure5.hshaws the estimatedorobabilitieswith the
smoothingle.g.,P(f1 = 1j+) = 2+ 1)=(2+ 2) = 3=4).

4 Validate Instancesvia the DeepWeb

Besidesvalidatinginstancewia the SurfaceWeb, asde-
scribedin the previous section,WeblQ can also validate
instancesia the DeepWeh It implementsthis validation
scheman athird componentalled Attr-Deep. Givenan
attribute A andaborrovedinstancex (of attributeB), Attr-
Deep proceedasfollows.

Formulateand Submita Query: First, aprobingqueryis
formulatedby settingthe valueof A to x andthe valuesof
otherattributesto their default values. Note thatthe query
interfacemay containsomeattributesthat do not have in-
stancesThedefault valuesfor theseattributesaretypically
empty strings. (Our experimentsindicatethat mary inter-
facespermit partial querieswherethe valuesof someat-
tributescanbe left unspeci ed.)Next, the probingqueryis
posedo the source.

Analyzethe ResponseThis stepappliesseveral heuris-
ticsto analyzetherespons@agefrom thesourceanddeter
mineif thesubmissiorwassuccessfulWe employ avariant
of theheuristicsusedfor a similar purposen [22].

To reducehenumberof querieso thesourcejf thesub-
missionis successfufor atleastonethird of theinstances
of B, thenwe assumehatall instanceof B areinstances
of A.

5 LeverageWeblQ in a Matching System
We now describehow to incorporatethe above three

component®f WeblQ into an interfacematchingsystem.

Theincorporationproceedsn two steps:

all attributesover all query interfaces. This stepemplgys
WeblQ to gatherinstancedor theseattributes. Consider
attribute X 1. WeblQ gathersnstancesor X ; asfollows:

1. If X1 hasnoinstancesthengatherinstance$or X ; via
the SurfaceWeb, usingthe Surfacecomponeni{Sec-
tion 2).

(a) If this gatheringis successfulthatis, at leastk
instanceshave beengatheredfor a pre-de ned
k, thenstop.

(b) Otherwise, borrowv instances for X; from

usingthe Attr-Deepcomponen{Section4). The
reasorthatWeblQ doesnotvalidatethemvia the
SurfaceWeb is becausat is unlikely to be suc-
cessful,giventhatthe instancegatheringvia the
SurfaceWebin Stepl.ahasbeenunsuccessful.

2. If X, hasseveral pre-de nedinstancesthenborron

viatheSurfaceWeb,usingtheAttr-Surfacecomponent
(Section3). Theinstancesannotbe validatedvia the

DeepWeb becausexX ; acceptsonly pre-de ned val-

ues.Thus,we cannotsetthevalueof X ; onthe query
interfaceto a borrovedvalue,if thatvalueis notin the

setof pre-de nedvaluesfor X .

Note that we canalsoobtaininstancedor X ; via in-
stancadiscovery onthe SurfaceWeh However, we do
not considerthat possibility in the currentschemeto
minimize the overheadcausecdby queryingthe search
engine.

In Stepsl.band2, to minimize overheadWeblQ doesnot
borrov instancesrom all attributes. Instead,it borrows
only from thoseattributeswhosedomainsare deemedo-
tentially similar to thatof X ;. Speci cally, consideran at-
tribute X; (i 6 1) from adifferentinterfaceasX ;. There
aretwo cases(1) X ; doesnot have ary pre-de nedvalues
(asin Stepl.b). In thiscasethedomainof X islikely tobe
similar to thatof X ; if thelabelsof X1 andX; aresimilar
(sothey arelikely to match)andthe domainof X; is very
differentfrom the domainof ary otherattribute Y on the
sameinterfaceas X 1 (intuitively, if Y andX; have simi-
lar domainsijt is very unlikely thatY hassomepre-de ned
valueswhile X ; doesnot). (2) X, hasa setof pre-de ned
values(asin Step?2). In this casethedomainof X; is likely
to be similar to thatof X ; if thereareat leasttwo values,
onefrom eachdomain,which arevery similar.

Theabove stepsarethenrepeatedo gatherinstancegor
X ;X 3, andsoon.

Interface Matching: OnceWeblQ hasgatherednstances

gorithmis employed asusualto matchtheseattributes. In
the currentimplementationwe uselceQ, arecentlydevel-
opedinterfacematchingalgorithm[28]. Brie y, IlceQ em-
ploys interactie clusteringto groupattributesinto clusters,
eachcontainingall attributesthat match. To cluster given
ary two attributesA and B, IceQ computesa similarity
scorebasedn the similarity of theirlabelsandinstances.
The similarity of their labels, denoted as
LabelSim(A; B), is given by Co9qA;B), where Cos
is the Cosine function commonly employed in Infor-
mation Retrieval and X denotesa vector of words



transformedfrom the label of attribute X. The sim-
ilarity of their domains, denoted as DomSim(A; B),

is evaluated basedon the (inferred) types of the do-
mains (such as integer, real, monetaryvaluesand date)
and the valuesin the domains. Finally, the similarity
of A and B, denotedby Sim(A; B), is computedas:
Sim(A; B) = LabelSim(A; B) + DomSim(A; B),

where and aretwo constants(respectiely setto .6
and.4 in our experimentsusingnumbersn [28]). During
the clusteringprocesdceQ canalsointeractwith the user
to automaticallylearn a thresholdingvalue. However, in

the currentimplementationwve employ only the automatic
versionof IceQ, andsetthe thresholdmanually See[28]

for a detaileddescriptionof IceQ.

The above descriptionof the similarity measureshowvs
that its computationcan bene t signi cantly from addi-
tional instanceggatheredby WebIQ. This bene t is also
con rmed in our experimentdn Section6.

6 Empirical Evaluation

We haveevaluatedNeblQ usingthelCQ datasetin [28],
which contains ve real-world domains— airfare,automo-
bile, book, job, andreal estatewith 20 queryinterfacesin
eachdomain. The rst ve columnsof Table 1 shav the
characteristic®f the dataset. For eachdomain,it shavs
the averagenumberof attributesperinterface(Column?2),
thepercentagef interfacescontainingattributeswithoutin-
stanceqColumn 3), and amongtheseinterfaces,the per
centageof attributeswithoutinstancegColumn4).

Columns3-4 clearly shav that an overwhelmingnum-
ber of interfacescontainattributeswith no instanceg92%
on averageacrossghe domainsasshawn in thelastrow of
Column3). They furthershav thaton average40.7%of at-
tributesin theseinterfaceshave noinstancesThus,thelack
of instancess penasive.

We thenmanuallyexaminedthat, for the attributeswith
no instanceswhetherit is reasonabldo expect their in-
stancedo be found on the SurfaceWeb, taking into con-
siderationthe factthatit is dif cult to obtaininstancedor
generic attributes (e.g., keyword and description)and at-
tributesrelatedto personalinformation (e.g.,buyerid and
referencenumber). Column5 shaws that on average,we
canobtaininstancedgor 89.6%of attributes,suggestinghe
potentialsof anWeblQ-like approach.

Instance Acquisition: Next, for eachdomainwe evaluated
the effectivenesof WeblQ for instanceacquisition focus-
ing in particularon attributeswith no instance sincethey
aremuchharderto matchthanthosewith somepre-de ned
instancesFor eachsuchattribute,if WeblQ obtainsatleast
10 instancesthenthe acquisitionprocessis deemedsuc-
cessful.

The lasttwo columns(6-7) of Table1 shav theresults.
Column 6 shows the successateswhenWeblQ emplgys

Instance Extraction

Domain | #Attr Intl(\izl)nst Attr(l;l/:)lnst E>E;D)/‘I)r;st Surface | Surfaces

(%) Deep (%)
Airfare 10.7 85 32.2 100 19.0 81.1
Auto 51 95 28.1 100 58.7 82.2
Book 5.4 85 38.6 98 84.4 84.4
Job 4.6 100 74.6 83.1 72.2 72.2
Real Est 6.5 95 30.0 66.7 49.1 56.3
Average 6.7 92 40.7 89.6 56.7 75.2

TABLE 1: Characteristicsof our data setsand resultson
gathering instances

only the componenthat discosersinstancedrom the Sur
faceWeb (seeStepl.ain Section5). Column7 shaows the
successateswhenWeblQ alsoemploys instanceborrow-
ing andvalidationvia the DeepWeb (seeStepl.bin Sec-
tion 5).

Acquisitionvia the Surface\eb: Column6 shawvs the suc-
cessratesbetweenl9% in the airfare domainand 84.4%
in the book domain,with an averageof 56.7%. The air-
faredomainhasa relatively low successate becausehe
labelsof mary attributeswithoutinstancesreprepositions
andverb phraseqe.g., from and depart from). As dis-
cusseckarlier it is very challengingo form reliableextrac-
tion queriesfor theseattributes. Several attributesin the
autodomainhave very ambiguoudabels(e.g.,zip for “zip
code”), reducingthe successatein that domain. Finally,
the real estatedomain has several attributesfor measure-
mentunits (e.g.,square feet andacreage), for which the
extractionpatternsarenot aseffective.

Both the book and job domainshave very high suc-
cessrates. This is not surprising,sincethe labelsof most
attributes with no instancesin thesedomainsare either
nounsor noun phrasessuchas publisher, author, com-
pany name, andcity. The extraction patternstendto be
very effective for theseattributes.
Instancevalidationviathe DeepWeb: Column7 shavsthat
this stepsigni cantly improvesthe successatesin boththe
airfare and auto domains. Interestingly theseare the dif-
cult domainsfor gettinginstancedrom the Weh On the
averagethesuccessateincreasedy 18.5%,demonstrating
the effectivenesof validationvia the DeepWeh

Interface Matching with WebIQ: In thenext stepwe eval-
uatedthe extentto which WeblQ helpsimprove matching
accurag of IceQ (seeSection5). Following [28], we mea-
surethe matchingaccurag via threemetrics:precisionre-
call,andF-1 measurg25]. PrecisiorP is the percentagef
correctmatchesover all matcheddenti ed by the system,
while recall R is the percentagef correctmatchesiden-
ti ed by the systemover all matcheggiven by domainex-
perts. F-1 measurancorporatesoth precisionandrecall,
andis computedas2P R=(R + P).

For eachdomain,we performedhreeexperimentsFirst,
we collectedthe resultsof bothiceQ andlceQ + WeblQ
with no thresholding. That s, the clusteringthresholdof
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IceQ is setto zerosothataslong astwo attributeshave a
positive similarity, they may potentiallybe matched. This
wouldallow usto directly compareour resultswith thosein
[28]. Then,theresultsof IceQ + WebIlQ wererecollected
with thethreshold uniformly setto :1 (whichis aboutthe
averageof the thresholddearnedfor the ve domainsin
[28]).

Figure 6 shaws the results. For eachdomain,it shavs
threebarswhich represen{from left to right) the F-1 accu-
ragy of IceQ, IceQ + WeblQ, andlceQ + WeblQ with
thresholding(in the gure, IceQ is referredto as “base-
line”).

The resultsshow thatlceQ + WebIQ signi cantly im-
proved accurag over IceQ, acrossall ve domains. The
improvementrangesfrom 4.2% in the book domain to
11.7%in the job domain. On the average,accurag in-
crease$rom 89.5%to 95.8%. Thethresholdingurtherin-
creasesaccuray to 97.5%. Detailedresultsindicatethat
mostof theimprovementswith thethresholdingverein the
precision. This is not surprisinggiven that the purposeof
WeblQ is to increasehe overall similarity of matchingat-
tributesby makingtheir domainsmoresimilar.

ComponentContrib utions: We furtherexaminedthe con-
tributionsof theindividual WeblQ components$o theover-
all accurag. Figure7 shavstheresultswherethefour bars
for eachdomainrepresenthe F-1 accurag of baselingi.e.,
IceQ), thenbaselinewith the WeblQ componentgonsec-
utively incorporated.Here, Surface refersto the WebIQ
componentthat discovers instanceson the Surface Web,
Attr-Deep refersto borrawving andvalidatingattributesvia
the DeepWeb, and Attr-Surface refersto borrowving and
validatingattributesvia the SurfaceWeh

The resultsshowv that Surface signi cantly improved
matchingaccuraciege.g.,4.6%increasdn the airfaredo-
mainand4.4%in the real estatedomain). Attr-Deep had
the mostsigni cant impactin thejob domain(with a 9.5%
improvement).Finally, Attr-Surface wasvery effective in
four out of the ve domains. On the average,it improved
accurag by 1.8%.

Overhead Analysis: Finally, we examinedthe overhead
incurredby WeblQ. For eachdomainFigure 8 shavs the
times(in minutes)thatlceQ + WeblQ spentmatchingat-
tributes(the rst bar),gatheringnstancesrom theWeb(the
secondbar), validatinginstancesvia the SurfaceWeb (the

O Baseline + Surface + Attr-Deep + Attr-Surface :|

Book

FIGURE 7: Componentcontnb utions
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FIGURE 8: Overhead anaIyS|s

third bar), andvalidatinginstancesvia the DeepWeb (the
lastbar). In otherwords,thelastthreebarsshav the over
headincurredby eachindividual componenbf WebIQ.

The resultsshowv that matchingtime rangesfrom 1.9
minutesin theautodomainto 4.7 minutesin the airfaredo-
main. Time spentwith Surface rangesfrom 1.2 minutes
in the job domainto 5.3 minutesin the autodomain. This
time variesin differentdomainsdueto differentnumberof
gueriessentto Google. For example,the total numberof
extractionandvalidationqueriesfor the job domainis 432
(over 20 sourceschemas).Note that the typical retrieval
time from Googlefor onequeryis 0.1-0.5second.

Time spentwith Attr-Surface wasat most3.5 minutes
(in thejob domain),time spentwith Attr-Deep wasatmost
5.9 minutes(in the airfare domain). The total overhead
rangedrom 5.7 minutesin therealestatedomainto 11 min-
utesin theairfaredomain.Theseresultsdemonstrat¢hatit
is possibleto employ WeblQ withoutincurringasigni cant
overhead.

7 RelatedWork

Schemanddataintegrationareimportantproblemsand
have beenextensvely researched23]. The problem of
matching and integrating sourcequery interfaceson the
DeepWeb hasreceved muchrecentattention[12, 11, 28].
In [11], matchesare identi ed by learninga generatie
modelover a setof interfaces but the modelexploits only
the statisticson thelabelsof the attributes. Theimportance
of instancedn matchinginterface attributeshasbeenob-
senedin both Wise-Integrator[12] andIceQ [28]. In par
ticular, lceQ conductsa comparatie study which shavs
thatinstancegreatlyimprove matchingaccurag.

Naive Bayesclassi ers have beenemployed in mary
schemamatchingtasks[9, 23]. Comparedo thesecorven-
tional classi ers,a distinctaspecbf validation-baseaive
Bayesclassi er is thatits featuresarebasedon the valida-
tion scoresof the instancegatherthanthe frequenciesof
wordsin theinstances.

Questionansweringhasbeenan active researchareain
both Al andIR communities(e.g.,[15, 21, 24]). Our ap-
proachof gatheringinstancedrom the SurfaceWebis mo-
tivatedin partby works on Web-basedjuestionanswering
suchas AskMSR [2] and Mulder [15]. In particular sim-
ilar to Mulder and AskMSR, we also exploit the idea of



“redundang-basedxtraction”, wherethe scaleandthere-
dundang of theinformationon the SurfaceWeb arelever
agedto extract answergo the questionsrom simple sen-
tenceswhosesyntaxis relatively easyto analyze.

Therehave beenmary works on informationextraction
[7, 10]. Many of themrely on the useof supervisedearn-
ing techniquedo train the system,while our approachof
training instanceclassi ers for interfaceattributesis fully
automatic.

Ourapproactof gatheringnstance$rom theWebis also
inspiredby the works on populatingontologiesby exploit-
ing theWeb,suchasKnowltAll [10]. Butthetaskof gather
ing instancedor interfaceattributesis morechallengingas
we have discussed Furthermorewe believe that the tech-
nigueswe developedfor gatheringnstance®f interfaceat-
tributessuchaslabel syntaxanalysisandoutlier detection,
canalsobeincorporatednto otherWeb-basednformation
extractionsystemssuchas[7, 10].

8 Conclusion& Future Directions

We have describeda setof novel techniquesasembod-
ied by the WeblQ system,that automaticallyacquirein-
stancedor attributesof queryinterfacesfrom the Surface
Web andthe DeepWeh We shaved how the techniques
canbeincorporatednto aninterfacematchingsystem.Ex-
tensve experimentsover ve real-world domainsshav the
utility of our approach.In particular the resultsshow that
acquiredinstanceshelp improve matchingaccurag from
89.5%F-1t0 97.5%,at only amodestuntimeoverhead.

Besidesmproving the effectivenesf the currentsolu-
tions, our future work will studyhow to transferour tech-
niguesto othercontexts, suchasminingtheextensve bioin-
formaticsliteratureto help matchschema®f datasources
in thatdomain,andmining text documentghataccompan
real-world databasschemador further metadatanforma-
tion. Overall, we believe theincorporationof shallov natu-
ral languageprocessindechniquesver corporacf domain
datacangreatly help semantidntegrationtasks,including
matching Deep Web query interfaces,schemamatching,
andrecordlinkage. Our currentwork is a rst stepin this
direction.
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