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Abstract

NumerousNLP applicationsrely on
search-enginequeries, both to ex-
tract information from and to com-
pute statisticsover the Web corpus.
But searchenginesoften limit the
numberof available queries. As a
result, query-intensie NLP applica-
tions suchasInformation Extraction
(IE) distribute their queryload over
several days,makingIE a slow, off-
line process.

This paperintroducesa novel archi-
tecturefor IE thatobviatesquerieso
commercialsearchengines.The ar
chitectureis embodiedin a system
called KNowlITNow that performs
high-precisionlE in minutesinstead
of days.We compareK NowITNow
experimentallywith the previously-
publishedK NOWITALL system,and
quantify the tradeof betweenre-
call andspeed.KNOWITNOW'S ex-
traction rate is two to three orders
of magnitude higher than Know-
ITALL'S.

1 Background and Motivation

NumerousnodernNLP applicationaisetheWebastheir
corpusandrely on queriesto commerciakearchengines
to supportheircomputatior(Turney, 2001;Etzionietal.,
2005; Brill etal., 2001). Searchenginesare extremely
helpfulfor severallinguistictasks suchascomputingus-
agestatisticsor nding a subsebf webdocumentgo an-
alyzein depth;however, theseenginesverenotdesigned
as building blocks for NLP applications. As a result,
the applicationsare forced to issueliterally millions of
gueriesto searchengineswhich limits the speedscope,
and scalability of the applications.Further the applica-

tions mustoften thenfetch someweb documentswhich
atscalecanbeverytime-consuming.

In responséo heary programmaticsearchengineuse,
Googlehascreatedhe “Google API” to shuntprogram-
maticqueriesaway from Google.comandhasplacedhard
guotason the numberof daily queriesa programcanis-
sueto the API. Othersearchengineshave alsointroduced
mechanismgo limit programmatioqueries,forcing ap-
plicationsto introduce“courtesywaits” betweergueries
andto limit the numberof queriesthey issue.

To understantheseef ciency problemsn moredetail,
considerthe KNOwWITALL information extraction sys-
tem (Etzioni etal., 2005). KNOwWITALL hasa generate-
and-testarchitecturethat extracts information in two
stagesFirst, KNOWITALL utilizesasmallsetof domain-
independentextraction patternsto genemate candidate
facts(cf. (Hearst,1992)). For example,the genericpat-
tern “NP1 suchas NPList2” indicatesthat the headof
eachsimplenounphrasgNP)in NPList2is amemberof
the classnamedin NP1. By instantiatingthe patternfor
classCity , KNOWITALL extractsthreecandidatecities
from the sentence:"We provide toursto cities suchas
Paris, London,andBerlin” Note thatit mustalsofetch
eachdocumenthatcontainsa potentialcandidate.

Next, extendingthe PMI-IR algorithm(Turney, 2001),
KNowlITALL automaticallyteststhe plausibility of the
candidatefacts it extracts using pointwise mutual in-
formation (PMI) statisticscomputedrom search-engine
hit counts. For example,to assesghe likelihood that
“Yakima”is a city, KNOWITALL will computethe PMI
betweenyakimaandasetof k discriminatorphraseghat
tend to have high mutual information with city names
(e.g., thesimplephrase‘city”). Thus,KNOWITALL re-
quiresatleastk search-engingueriedor every candidate
extractionit assesses.

Due to KNOwITALL's dependencen search-engine
queries,large-scaleexperimentsutilizing KNOWITALL
take daysand evenweeksto complete which makesre-
searchusing KNOwWITALL slow and cumbersome.Pri-
vateaccesdo Google-scalénfrastructurewould provide



sufcient accesgso searchguerieshut at prohibitive cost,
andthe problemof fetchingdocumentgevenif from a
cachedcopy) would remain (as we discussin Section
2.1).Isthereafeasiblealternatie Web-basedE system?
If so,whatsizeWebindex andhow mary machinesare
requiredto achieve reasonabléevels of precision/recall?
Whatwould the architectureof this IE systemlook like,
andhow fastwouldit run?

To addressthesequestions,this paperintroducesa
novel architecturefor web information extraction. It
consistsof two componentghat supplantthe generate-
and-testmechanisms$n KNOwITALL. To generateex-
tractionsrapidly we utilize our own specializedsearch
engine,called the Bindings Engine (or BE), which ef-
ciently returns bindings in responseto variabilized
queries. For example,in responsdo the query “Cities
sut as ProperNoun(HeadfNounPhase))”, BE will
returna list of propernounslikely to be city names.To
assessheseextractions,we use URNS, a combinatorial
model,which estimateghe probability that eachextrac-
tion is correctwithout usingarny additionalsearchengine
queriest For furtheref ciency, we introducean approx-
imationto URNS, basedon frequeng of extractions'oc-
currencein the outputof BE, andshaw thatit achieves
comparablgrecision/recalto URNS.

Our contritutionsareasfollows:

1. We presentanovel architecturdor InformationEx-
traction (IE), embodiedin the KNOwWITNOW sys-
tem, which doesnot dependon Web search-engine
queries.

2. We demonstratexperimentallythat KNowI TNow
is the rst systemableto extracttensof thousands
of factsfrom the Webin minutesinsteadof days.

3. We shawv thatK NowI TNOwW's extractionrateis two
to three ordersof magnitudegreaterthan KNow-
ITALL'S, but this increasecef ciency comesat the
costof reducedrecall. We quantifythis tradeof for
KNnowITNow's 60,000,00(pageindex andextrap-
olatehow thetradeof would changewith largerin-
dices.

Our recentwork hasdescribedthe BE searchengine
in detail (CafarellaandEtzioni, 2005),andalsoanalyzed
theURNS modelsability to computeaccuratgrobability
estimategor extractiong Downey etal.,2005).However,
this is the rst paperto investigatethe compositionof
thesecomponentso createa fastlE systemandto com-
pareit experimentallyto KNOwITALL in termsof time,

1In contrast,PMI-IR, which is built into KNowWITALL, re-
quiresmultiple searchenginequeriesto asses®achpotential
extraction.

recall, precision, and extraction rate. The frequeng-
basedapproximationto URNS andthe demonstratiorof
its successrealsonew.

The remainderof the paperis organizedas follows.
Section?2 provides an overvien of BE's design. Sec-
tion 3 describeghe URNS modeland introducesan ef-
cient approximationto URNS thatachievessimilar pre-
cision/recall.Sectior4 present&xperimentatesults.We
concludewith relatedandfuture work in Sections5 and
6.

2 The Bindings Engine

This sectionexplainshow relying on standardsearchen-
ginesleadsto abottleneckfor NLP applicationsandpro-
videsabrief overview of the BindingsEngine(BE)—our
solutionto this problem.A comprehensie descriptionof
BE appearsn (CafarellaandEtzioni, 2005).
Standardsearchenginesare computationallyexpen-
sivefor IE andotherNLP tasks.IE systemsssuemultiple
queries downloadingall pageshat potentiallymatchan
extractionrule, and performingexpensve processingon
eachpage.For example suchsystemoperateaoughlyas
follows onthe query(“cities suchashNounPhasa"):

1. Performa traditional searchengine queryto nd
all URLs containingthe non-variable terms (e.g.,
“cities suchas”)

2. ForeachsuchURL:

(a) obtainthedocumentontents,

(b) nd thesearched-foterms(“cities suchas”)in
thedocumentext,

(c) run the noun phraserecognizerto determine
whethertext following “cities suchas” satis es
thelinguistic typerequirement,

(d) andif so,returnthestring

We candivide thealgorithminto two stagespbtaining
thelist of URLs from a searchengine andthenprocess-
ing themto nd theNounPhase bindings. Eachstage
posests own scalabilityandspeecchallengesThe rst
stagemakesaqueryto acommerciakearctenginewhile
the numberof availablequeriesmay belimited, a single
oneexecutegelatively quickly. Thesecondstagefetches
alarge numberof documentseachfetchlikely resulting
in a randomdisk seek;this stageexecutesslowly. Nat-
urally, this disk accesss slow regardlessof whetherit
happenson a locally-cachedcopy or on a remotedoc-
umentsener. The obsenation that the secondstageis
slow, evenif it is executedocally, is importantbecause
it shavs that merelyoperatinga “private” searchengine
doesnot solve theproblem(seeSection2.1).

The Bindings Engine supports queries contain-
ing typed variables (such as NounPhasg and



string-processing functions (such as “head(X)” or

“ProperNoun(X)")aswell asstandardqueryterms. BE

processes variable by returning every possiblestring

in the corpusthat hasa matchingtype, andthat canbe

substitutedfor the variable and still satisfy the users

query If therearemultiple variablesin a query thenall

of them must simultaneouslyhave valid substitutions.
(So, for example,the query“<NounPhase> is located
in <NounPhase>" only returns strings when noun
phrasesarefound on both sidesof “is locatedin”.) We

call a string that meetstheserequirements binding for

thevariablein question.Thesequeries andthe bindings
they elicit, canusefully sene as part of aninformation
extraction systemor othercommonNLP tasks(suchas
gatheringusagestatistics). Figure 1 illustratessomeof

thequerieshatBE canhandle.

presidenBush< \erb>
citiessuchasProperNoun(Head{ NounPhase>))
< NounPhase> isthe CEOof < NounPhase>

Figurel: Examplesof queriesthat can be handled by
BE. Queriesthat include typed variables and string-
processingfunctions allow NLP tasksto be done ef-
ciently without downloading the original document
during query processing

BE's novel neighborhoodndex enablest to process
thesequerieswith O(k) randomdisk seeksandO(k) se-
rial disk reads,wherek is the numberof non-variable
termsin its query As a result, BE canyield ordersof
magnitudespeedupmsshawn in the asymptoticanalysis
laterin this section. The neighborhoodndex is an aug-
mentednvertedindex structure For eachtermin thecor-
pus,theindex keepsalist of documentsn whichtheterm
appearsandalist of positionswherethetermoccurs just
asin astandardnvertedindex (Baeza-‘atesandRibeiro-
Neto, 1999). In addition,the neighborhoodndex keeps
alist of left-handandright-handneighbos at eachposi-
tion. Theseareadjacentext stringsthat satisfya recog-
nizerfor oneof thetamgettypes,suchasNounPhase

As with a standardnvertedindex, aterm'slist is pro-
cessedrom startto nish, andcanbe kepton disk asa
contiguouspiece.Therelevantstring for avariablebind-
ing is includeddirectly in the index, sothereis no need
to fetchthe sourcedocumentthus causinga disk seek).
Expensie processinguchas part-of-speectiaggingor
shallov syntacticparsingis performedonly once,while
building the index, andis not neededat querytime. It
is importantto notethatsimply preprocessinthe corpus
andplacingtheresultsin adatabas&ould notavoid disk
seeksaswe would still have to explicitly fetchthesere-
sults. Therun-timeef ciency of the neighborhoodndex

QueryTime | Index Space
BE | O(k) O(N)
Standaraengine| O(k + B) O(N)

Tablel: BE yields considerablesavingsin query time
over a standard search engine.k is the number of con-
creteterms in the query, B is the number of variable
bindings found in the corpus,and N is the number of
documentsin the corpus. N and B are typically ex-
tremelylarge,while k is small.

comesfrom integrating the resultsof corpusprocessing
with theinvertedindex (which determinesvhich of those
resultsarerelevant).

The neighborhoodndex avoids the needto returnto
the original corpus,but it can consumea large amount
of disk spaceaspartsof the corpustext arefoldedinto
theindex sereraltimes. To consere spacewe perform
simple dictionary-lookupcompressiorof stringsin the
index. Thestoragepenaltywill, of coursedependnthe
exactnumberof differenttypesaddedo theindex. In our
experimentswe createda usefullE systemwith a small
numberof types(including NounPhase andfoundthat
the neighborhoodndex increasedlisk spaceonly four
timesthatof a standardnvertedindex.

Asymptotic Analysis:

In our asymptoticanalysisof BE's behaior, we count
guerytime asa function of the numberof randomdisk
seeks,since theseseeksdominateall other processing
tasks.Index spacds simply the numberof bytesneeded
to storetheindex (notincludingthe corpusitself).

Tablel shavsthatBE requiresonly O(k) randomdisk
seekdo procesgjuerieswith anarbitrarynumberof vari-
ableswhereasa standarcenginetakesO(k + B), where
k is the numberof concretequeryterms,andB is the
numberof bindingsfoundin a corpusof N documents.
Thus,BE's performancas the sameasthatof a standard
searctenginefor queriescontainingonly concreteerms.
For variabilizedqueries N maybein thebillions andB
will tendto grow with N . In ourexperimentseliminating
the B termfrom our queryprocessingime hasresulted
in speedup®f two to threeordersof magnitudeover a
standardsearchengine. The speedups at the price of a
smallconstanmultiplier to index size.

2.1 Discussion

While BE hassomeattractie propertiefor NLP compu-
tations,is it necessaryZouldfast,large-scalanforma-
tion extraction be achiezed merely by operatinga “pri-
vate” searctengine?

The releaseof open-sourcesearchenginessuch as
Nutch?, coupledwith the dropping price of CPUsand

2http://lucene.apachegnutch/
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Figure2: Averagetime to return the relevant bindings
in responsdo a setof querieswas 0.06 CPU minutes
for BE, compared to 8.16 CPU minutes for the com-
parable processingon Nutch. This is a 134-fold speed
up. The CPU resources,network, and index sizewere
the samefor both systems.

disks, makesit feasiblefor NLP researcherso operate
their own large-scalesearchengines.For example, Tur-

ney operates searchenginewith aterabyte-sizedndex

of Web pagesrunningon alocal eight-machindBeawulf

cluster(Turney, 2004). Private searchengineshave two

adwantages. First, thereis no query quotaor needfor

“courtesywaits” betweemngueries.Secondsincethe en-
gineis local, network lateng is minimal.

However, to supportlE, we mustalsoexecutethe sec-
ondstageof the algorithm(seethe beginning of this sec-
tion). In this stage eachdocumenthat matchesa query
hasto be retrieved from an arbitrarylocationon a disk 2
Thus, the numberof randomdisk seeksscaleslinearly
with thenumbermf documentsetrieved. Moreover, mary
NLP applicationgequirethe extractionof stringsmatch-
ing particularsyntacticor semantid¢ypesfrom eachpage.
The lack of linguistic datain the searchengines index
meansthat mary pagesarefetchedonly to be discarded
asirrelevant.

To quantifythespeeduplueto BE, wecomparedt toa
standardsearchindex built ontheopen-sourcé&utchen-
gine. All of our NutchandBE experimentswerecarried
outonthesamecorpusof 60 million Webpagesandwere
runonaclusterof 23 dual-Xeonmachineseachwith two
local 140 Gb disksand4 Gb of RAM. We setall con g-
urationvaluesto be exactly the samefor bothNutchand
BE. BE gave a 134-fold speedup on averagequerypro-
cessingime whencomparedo thesamequerieswith the
Nutchindex, asshawvn in Figure?2.

3Moving the disk headto an arbitrarylocationon the disk
is a mechanicaloperationthat takes about5 millisecondson
average.

3 The URNS Model

Torealizethespeedufrom BE, KNowI TNow mustalso
avoid issuing searchenginequeriesto validatethe cor
rectnesof eachextraction,asrequiredby PMI compu-
tation. We have developeda probabilisticmodelobviat-
ing search-engingueriesfor assessmentThe intuition
behindthis modelis that correctinstancesf a classor
relationarelikely to be extractedrepeatedlywhile ran-
domerrorshy an IE systemtendto have low frequeny
for eachdistinctincorrectextraction.
Ourprobabilisticmodel,whichwe call URNS, takesthe
form of a classic"balls-and-urns’modelfrom combina-
torics. We think of IE abstractlyasa generatie process
thatmapstext to extractions.Eachextractionis modeled
asa labeledball in anurn. A label representgitheran
instanceof the target classor relation, or representsan
error. The informationextractionprocesds modeledas
repeatediravs from theurn, with replacement.
Formally, the parametershatcharacterizanurnare:

C —thesetof uniquetargetlabels;jCj is thenumber
of uniquetargetlabelsin theurn.

E —thesetof uniqueerrorlabels;Ej is thenumber
of uniqueerrorlabelsin theurn.

num(b) — the function giving the numberof balls
labeledby b whereb 2 C [ E. num(B) is the
multi-setgiving the numberof balls for eachlabel
b2 B.

The goal of an IE systemis to discernwhich of the
labelsit extractsarein factelementsof C, basedon re-
peateddravs from theurn. Thus,the centralquestionwe
areinvestigatingis: giventhat a particular label x was
extractedk timesin a setof n drawsfromthe urn, what
is the probabilitythatx 2 C? We canexpressthe prob-
ability that an elementextractedk of n timesis of the
targetrelationasfollows.

P(x2 ijlgppearsk timesin n draws) =
ryn k

s)

S

r0 Kk
)"

D r2num (C)(rg)k(:L

1
r 92 num (C[E)(rs_o)k(l ( )
wheres is the total numberof ballsin the urn, andthe
sumis takenover possiblerepetitionratesr .

A few numericalexamplesillustrate the behaior of
this equation. Let jCj = JEj = 2;000 and assume
for simplicity that all labels are repeatedon the same
numberof balls (hum(c) = Rc forallg 2 C, and
num(eg) = Rg for all g 2 E). Assumethatthe ex-
tractionruleshave precisionp = 0:9, which meanghat
Rc = 9 Rg — tamgetballsareninetimesascommon
in theurnaserrorballs. Now, for k = 3andn = 10; 000
wehave P(x 2 C) = 93:0%. Thus,we seethata small
numberof repetitionscanyield high con dencein anex-
traction.However, whenthesamplesizeincreasesothat



n = 20;000, andthe other parametersare unchanged,
thenP(x 2 C) dropsto 19:6%. On the otherhand,if
C balls repeatmuch more frequentlythan E balls, say
Rc = 90 Rg (with jEj setto 20,000,sothatp remains
unchanged}henP (x 2 C) risesto 99:9%.

The above examplesenableusto illustratethe advan-
tagesof URNS over the noisy-ormodelusedin previous
work. Thenoisy-ormodelassumeshateachextractionis
anindependenassertiorthattheextractedabelis “true;
an assertiorthatis correcta fraction p of thetime. The
noisy-or model assignsthe following probability to ex-
tractions:

@ p*

Therefore,the noisy-or model will assignthe same
probability— 99:9% — in all threeof the above exam-
ples, althoughthis is only correctin the casefor which
n = 10;000andR¢c = 90 REg. Astheothertwo exam-
plesshaw, for differentsamplesizesor repetitionrates,
the noisy-ormodelcanbe highly inaccurate.This is not
surprisinggiventhatthe noisy-ormodelignoresthe sam-
ple sizeandtherepetitionrates.

URNS usesanEM algorithmto estimatdts parameters,
and currently the algorithmtakesroughly threeminutes
to terminate’ Fortunately we determinedexperimen-
tally thatwe canapproximateJRNS's precisionandrecall
usinga far simplerfrequeng-basedassessmemhethod.
Thisis true becausgoodprecisionandrecallmerelyre-
quire an appropriateordering of the extractionsfor each
relation, and not accurateprobabilitiesfor eachextrac-
tion. For unaryrelations,we usethe simpleapproxima-
tion that items extractedmore often are more likely to
betrue, andorderthe extractionsfrom mostto leastex-
tracted. For binary relationslike CapitalOf(X,y) ,
in which we extractseveraldifferentcandidatecapitalsy
for eachknown country X, we usea smoothedrequeny
estimateto orderthe extractions. Let f req(R(X; y)) de-
notethe numberof timesthatthe binary relationR(X; y)
is extracted;we de ne:

Pnoisy or (X 2 Cjx appearsk times) = 1

freqRXY))
maxyo f reqRX y9) + 1

We found that sorting by smoothedrequeng (in de-
scendingorder) performedbetterthansimply sorting by
f reqfor relationsR(X; y) in which differentknown Xval-
uesmay have widely varying Web presence.

Unlike URNS, our frequeng-basedassessmentoes
notyield accuratgrobabilitiesto associatevith eachex-
traction, but for the purposeof returninga ranked list of
high-quality extractionsit is comparableto URNS (see

smoothed.f reqRX;y)) =

“This codehasnot beenoptimizedat all. We believe that
we caneasilyreduceits runningtime to lessthana minuteon
averageandperhapsubstantiallymore.
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Figure 3: Country : KNOwITALL maintains some-
what higher precisionthan KnNowlITNow thr oughout
the recall-precisioncurve.

Figures3 through6), andit hasthe advantageof being
muchfaster Thus,in theexperimentgeportedon below,
we usefrequeng-basedassessmeraspart of KNow|T-
Now.

4 Experimental Results

This sectioncontrastghe performanceof KNowlITNow
andKNoOwITALL experimentally Beforeconsideringhe
experimentsin detail, we note that a key advantageof
KNowITNow isthatit doesnotmakeanyquerieso Web
searchengines.As aresult, KNowITNow's scaleis not
limited by a queryquota,thoughit is limited by the size
of itsindex.
We reporton thefollowing metrics:

Recall: how mary distinct extractionsdoeseach
systenreturnat high precision?

Time: how long did eachsystemtake to produce
andrankits extractions?

Extraction Rate: how mary distinct high-quality
extractionsdoesthe systemreturnperminute? The
extractionrateis simply recalldivided by time.

We contrastKNOWITALL and KNowlTNow's preci-
sion/recall curves in Figures3 through 6. We com-
pared KNowITNow with KNowlITALL on four rela-
tions: Corp, Country , CeoOf(Corp,Ceo) , and
CapitalOf(Country,City) . The unaryrelations
werechoserto examinethedifferencebetweerarelation
with asmallnumberof correctinstance¢Country ) and
onewith alarge numberof extractions(Corp ). Thebi-
naryrelationswerechoserto cover bothfunctionalrela-
tions (CapitalOf ) andset-waluedrelations(CeoOf —
wetreatformerCEOsascorrectinstance®f therelation).

®Sincewe cannotcompute“true recall” for mostrelations
ontheWeb,the paperusestheterm*recall” to referto the size
of the setof factsextracted.
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Figure4: CapitalOf : KNowlTNow doesnearly as
well as KNowITALL, but has more dif culty than
KNowITALL with sparsedatafor capitals of more ob-
scure countries.

For the two unaryrelations,both systemscreatedex-
tractionrulesfrom eightgenericpatterns.Theseare hy-
porym patterndike “NP1 f ,g suchasNPList2” or "NP2
f,g andotherNP1”, which extract membersof NPList2
or NP2 asinstancesof NP1. For the binary relations,
the systemsnstantiatedulesfrom four genericpatterns.
Theseare patternsfor a generic*of” relation. They are
“NP1, rel of NP2”, “NP1 therel of NP2, “rel of NP2
, NP1", and“NP2rel NP1". Whenr el is instantiatedor
CeoOf, thesepatterndbecomeé'NP1 , CEO of NP2” and
soforth.

Both KNowlITNow and KNOWITALL merge extrac-
tions with slight variantsin the name,suchasthosedif-
fering only in punctuationor whitespaceor in the pres-
enceor absenceof a corporatedesignatar For binary
extractions, CEOs with the samelast nameand same
compary were also memged. Both systemsrely on the
OpenNlIp maximum-entrog part-of-speechtagger and
chunler (Ratnaparkhi,1996), but KNowITALL applies
themto pagesdownloadedrom the Webbasednthere-
sults of Googlequeries,whereasK NowITNow applies
themonceto cravled andindexed pages® Overall, each
of the above elementsof KNowlITALL and KNowIT-
Now arethe sameto allow for controlledexperiments.

WhereaK NowITNow runsa small numberof vari-
abilized queries (one for each extraction pattern, for
eachrelation), KNOWITALL requiresa stoppingcrite-
rion. Otherwise,KNOwWITALL will continueto query
GoogleanddownloadURLsfoundin its resultpagesver
mary daysandevenweeks.We allowedatotal of 6 days
of searchtime for KNOWITALL, allocatingmoresearch
for therelationsthatcontinuedo bemostproductive. For
CeoOf KnowlTNow returnedall pairsof Corp,Ceo

0ur time measurementor KNOWITALL arenot affected
by the tagging and chunking time becauseit is dominated
by time requiredto query Google, waiting a secondbetween
queries.

0.85

Precision

0.8

0.75 + T T T T
0 5,000 10,000 15,000 20,000 25,000
Correct Extractions

-+ KnowltNow-freq -+ KnowltNow-URNS

- KnowltAll-PMI

Figureb: Corp : KNOWITALL'sPMI assessmenhain-
tains high precision. KNowITNow haslow recall up
to precision0.85,then catchesup with KNOwWITALL.

in its corpus;KNowITALL searchedor CEOsof aran-
dom selectionof 10% of the corporationst found, and
we projectedhetotal extractionsandsearcheffort for all
corporationsFor CapitalOf , bothKnowITNow and
KNowlITALL looked for capitalsof a setof 195 coun-
tries.

Table2 shavs the numberof queriessearchime, dis-
tinct correctextractionsat precision0.8, and extraction
ratefor eachrelation. Searchtime for KNowITNow is
measuredn secondsand searchtime for KNOwWITALL
is measuredn hours. The numberof extractionsper
minute countsthe distinct correctextractions. Sincewe
limit KNOwITALL to one Googlequeryper secondthe
time for KNOWITALL is proportionalto the numberof
gueries. KNowITNoOw's extractionrateis from 275to
4,707timesthat of KNOWITALL at this level of preci-
sion.

While the numberof distinct correctextractionsfrom
KNowlITNow at precision0.8is roughly comparabldgo
that of 6 dayssearcheffort from KNOWITALL, the sit-
uationis differentat precision0.9. KNowITALL's PMI
assessas ableto maintainhigherprecisionthanK Now-
ITNow's frequeng-basedassessorThe numberof cor-
rectcorporationgor KNowlITNow dropsfrom 23,128at
precision0.8to 1,116at precision0.9. KNOWITALL is
ableto identify 17,620correctcorporationsat precision
0.9. Evenwith the dropin recall, KNowITNow's ex-
tractionrateis still 305timeshigherthanKNOwWITALL'S.
Thereasorfor KNowITNow'sdif culty atprecision0.9
is dueto extractionerrorsthatoccurwith highfrequeng,
particularlygenericreference$o companieg“the Seller
is a corporation..”, “corporationssuchasBanks”, etc.)
andtruncationof certaincompary namesby the extrac-
tion rules. The more expensve PMI-basedassessment
wasnhot fooled by thesesystemati@xtractionerrors.

Figures3 through6 shav the recall-precisioncurves
for KNOowITNow with URNS assessmentKNOwIT-
Now with the simplerfrequeng-basedassessmenand



GoogleQueries Time Extractions Extractionsperminute
Now ALL || Now (sec)| ALL (hrs) Now ALL Now | ALL | ratio
Corp 0(16) | 201,878 42 56.1 || 23,128| 23,617 || 33,040 7.02 | 4,707
Country || 0(16) | 35,480 42 9.9 161 203 230| 0.34| 672
CeoOf 0(6) | 263,646 51 73.2 | 2,402| 5,823| 2,836| 1.33| 2,132
CapitalOf || 0(6) 17,216 55 4.8 169 192 184 | 0.67| 275

Table2: Comparison of KNowITNow with KNowITALL for four relations,shoving number of Googlequeries
(local BE queriesin parentheses)search time, correct extractions at precision0.8, and extraction rate (the
number of correct extractions at precision0.8 per minute of search). Overall, KNowITNow took a total of
slightly over 3 minutesascomparedto a total of 6 daysof search for KNOWITALL.
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Figure 6: CeoOf: KNowlITNow has dif culty dis-
tinguishing low frequency correct extractions from
noise. KNOWITALL is able to cope with the sparse
data more effectively.

KNowlITALL with PMI-basedassessmentFor eachof
the four relations,PMI is ableto maintaina higherpre-
cisionthaneitherfrequeng-basedor URNS assessment.
URNS andfrequeng-basedassessmergive roughly the
sameéevelsof precision.

For the relationswith a small numberof correctin-
stancesCountry andCapitalOf , KNowITNow is
able to identify 70-80% as mary instancesas KNOw-
ITALL at precision0.9. In contrast,Corp and CeoOf
have a hugenumberof correctinstancesanda long tail
of low frequeng extractionsthat K NowITNow hasdif-
culty distinguishingfrom noise. Over one fourth of
the corporationdound by KNowITALL had Googlehit
countslessthan 10,500,a sparsenesproblemthat was
exacerbatedy KNowITNow'slimited index size.

Figure 7 shaws projectedrecall from larger KNow-
ITNow indices, tting a sigmoid curve to the recall
from index size of 10M, 20M, up to 60M pages. The
curvewas tted usinglogisticregressionandis restricted
to asymptoteat the level reportedfor Google-based
KNowlTALL for each relation.  We report re-
call at precision 0.9 for capitals of 195 coun-
tries and CEOs of a random selection of the
top 5,000 -corporations as rankd by PMI.
Recall is de ned as the percentof countrieswith a
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Figure 7: Projections of recall (at precision0.9) as a
function of KNowlITNow index size. At 400 million
pages,KNowlITNow's recall rapidly approachesthe
recallachievedby KNOWITALL using roughly 300,000
Googlequeries.

correctcapitalor thenumberof correctCEOsdivided by
thenumberof corporations.

The curve for CeoOf is rising steeplyenoughthat a
400million pageKNowITNOw index mayapproactthe
samdevel of recallyieldedby KNowITALL whenit uses
300,000Googlequeries. As shavn in Table 2, KNow-
ITALL takes slightly more than threedaysto generate
theseresults. KNowITNow would operateover a cor-
pus6.7 timesits currentone,but the numberof required
randomdisk seeks(and the asymptoticrun time analy-
sis) would remainthe same. We thus expectthatwith a
larger corpuswe can constructa KNOwWITNoOw system
thatreproducesK NOWITALL levels of precisionandre-
call while still executingin the orderof afew minutes.

5 RelatedWork

Therehasbeenverylittle work publishedon how to make
NLP computationsuchasPMI-IR andIE fastfor large
corpora.Indeed,extractionrateis not a metric typically
usedto evaluatelE systemshut we believe it is anim-
portantmetricif IE is to scale.

Hobbs et al. point out the adwantageof fast text
processingor rapid systemdevelopment(Hobbset al.,
1992).They couldtesteachchangdo systemparameters



anddomain-speci cpatternson a large sampleof docu-
ments having movedfrom a systenthattook 36 hoursto

processl00 documentso FASTUS, which took only 11

minutes.This allowedthemto developoneof the highest
performingMUC-4 systemsn only onemonth.

While there has beenextensive work in the IR and
Web communitieson improvementsto the standardn-
vertedindex schemetherehasbeenlittle work on ef -
cient large-scalesearchto supportnaturallanguageap-
plications. One exceptionis Resniks Linguist's Search
Engine (Elkiss and Resnik, 2004), a tool for searching
large corporaof parsetrees. Thereis little publishedin-
formation aboutits indexing system,but the userman-
ual suggeststs corpusis a combinationof indexed sen-
tencesand userspeci ¢ documentcollectionsdriven by
the users AltaVista queries.In contrastthe BE system
hasa singleindex, constructedust once,that senesall
queries. Thereis no publishedperformancedataavail-
ablefor Resniks system.

6 Conclusionsand Futur e Dir ections

In previouswork, statisticalNLP computatiorover large
corporahasbeena slow, of ine processasin KNow-

ITALL (Etzioni et al., 2005)and alsoin PMI-IR appli-

cationssuchas sentimentclassi cation (Turney, 2002).
Technologytrends,andopensourcesearchenginessuch
asNutch,have madeit feasibleto create'private” search
engineghatindex large collectionsof documentshut as
shavnin Figure2, ring largenumbersof queriesat pri-

vatesearchenginess still slow.

This paperdescribeda novel and practicalapproach
towards substantially speedingup IE. We described
KNowITNow, which extractsthousand®sf factsin min-
utesinsteadof days. Furthermorewe sketcheduRNS,
a probabilistic model that both obviates the need for
search-engingueriesand outputsmore accurateprob-
abilities than PMI-IR. Finally, we introduceda simple,
ef cient approximatiorto URNS, whoseprobability esti-
matesare not asgood, but which hascomparablereci-
sion/recalto URNS, makingit anappropriatessessdor
KNOowITNow.

The speedand massvely improved extractionrate of
KNowITNow comeat the costof reducedrecall. We
guanti ed thistradeof in Table2, andalsoarmguedthatas
KNowlITNow's index sizeincreasesrom 60 million to
400million pagesKNowITNow would achiese in min-
utes the sameprecision/recallthat takes KNOWITALL
daysto obtain. Of course,a hybrid approachs possi-
ble where KNowlITNow has, say a 100 million page
index and, when necessaryaugmentsts resultswith a
limited numberof queriesto Google. Investigatingthe
extraction-rate/recaliradeof in sucha hybrid systemis
anaturalnext step.

While our experimentshave usedthe Web corpus,our

approachransfersreadily to otherlarge corpora;exper
imentationwith othercorporais anothertopic for future
work. In conclusionwe believethatourtechniquesrans-
form IE from a slow, of ine processto an online one.
They couldopenthedoorto a new classof interactive IE
applicationspf which KNowITNow is merelythe rst.
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