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1 Introduction

Modelsfor mary naturallanguageaasksbene t from the

e xibility to useoverlapping,non-independerfeatures.
For example the needfor labeleddatacanbe drastically
reducedby taking advantageof domain knowledgein

the form of word lists, part-of-speechiags, charactem-

grams,andcapitalizationpatterns While it is dif cult to

capturesuchinter-dependenfeatureswith a generatre

probabilistic model, conditionally-trainedmodels, such
as conditional maximum entrofy models, handlethem
well. Therehasbeensigni cant work with such mod-

elsfor greedysequencenodelingin NLP (Ratnaparkhi,
1996;Borthwick etal., 1998).

Conditional RandomFields (CRFs) (Lafferty et al.,
2001)areundirectedgraphicalmodels,a specialcaseof
whichcorrespondo conditionally-trainednite statema-
chines. While basedon the sameexponentialform as
maximumentropy modelsthey have ef cient procedures
for complete non-greedynite-state inferenceandtrain-
ing. CRFshave shovn empirical successesecentlyin
POStagging(Lafferty etal., 2001),nounphrasesegmen-
tation(ShaandPereira2003)andChinesavord sggmen-
tation (McCallumandFeng,2003).

Giventhesemodels'great e xibility to includeawide
array of features,an importantquestionthat remainsis
what featuresshould be used? For example,in some
casescapturinga word tri-gram is important, however,
thereis not sufcient memoryor computatiorto include
all word tri-grams.As the numberof overlappingatomic
featuresincreasesthe dif culty andimportanceof con-
structingonly certainfeaturecombinationgrows.

This paper presentsa feature induction method for
CRFs. Foundedon the principle of constructingonly
thosefeatureconjunctionghatsigni cantly increasdog-
likelihood,the approachouilds on that of Della Pietraet
al (1997),but is alteredto work with conditionalrather
thanjoint probabilities,and with a mean- eld approxi-
mation and other additionalmodi cations that improve
ef ciency speci cally for asequencenodel.In compari-
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sonwith traditionalapproachesgutomatedeatureinduc-
tion offersbothimprovedaccurag andsigni cant reduc-
tion in featurecount;it enableghe useof richer, higher
orderMarkov models,andoffers morefreedomto liber-
ally guessaboutwhich atomicfeaturesmay be relevant
to atask.

Featuranductionmethodsstill requirethe userto cre-
atethebuilding-blockatomicfeaturesLexicon member
shiptestsareparticularlypowerful featuresn naturallan-
guagedasks.Thequestioris whereto getlexiconsthatare
relevantfor the particulartaskat hand?

Thispaperdescribes\ebListing amethodthatobtains
seeddor thelexiconsfrom thelabeleddata thenuseghe
Web, HTML formattingregularitiesanda searchengine
serviceto signi cantly augmentthoselexicons. For ex-
ample,basedon the appearancef Arnold Palmerin the
labeleddata,we gatherfrom the Webalargelist of other
golf players,including Tiger Woods(a phrasethatis dif-

cult to detectasanamewithoutagoodlexicon).

We presentresultson the CoNLL-2003 namedentity
recognition(NER) sharedtask, consistingof news arti-
cleswith taggedentitieSPERSON, L OCATION, ORGANI-
ZATION andMisc. Thedatais quite complex; for exam-
ple the Englishdataincludesforeignpersomamegqsuch
asYayukBasukiandinnocentButare), awide diversityof
locations(including sportsvenuessuchasTheOval, and
rarelocationnamessuchasNirmal Hriday), mary types
of organizationg(from compaty namessuchas 3M, to
acroryms for political partiessuchas KDP, to location
namesusedto referto sportsteamssuchas Cleveland,
andawide varietyof miscellaneousamedentities(from
softwaresuchasJava, to nationalitiessuchasBasqueto
sportingcompetitionssuchas1,000LakesRally).

Onthis,our rst attemptataNER task,with justafew
person-week®f effort andlittle work on development-
seterror analysis,our methodcurrently obtainsoverall
EnglishF1 of 84.04%0n thetestsetby usingCRFs,fea-
tureinductionandWeb-augmentetkxicons. GermanF1
usingvery limited lexiconsis 68.11%.



2 Conditional Random Fields

ConditionalRandontields(CRFs)(Lafferty etal.,2001)
areundirectedyraphicamodelsusedo calculatehecon-
ditional probability of valueson designateautputnodes
givenvaluesassignedo otherdesignatednput nodes.

In the specialcasein which the outputnodesof the
graphicalmodel are linked by edgesin a linear chain,
CRFsmale a rst-order Markov independencassump-
tion, andthuscanbe understoodisconditionally-trained
nite statemachines(FSMs). In the remainderof this
sectionwe introducethelik elihoodmodel,inferenceand
estimationproceduresor CRFs.

Let be someobsened input data
sequencesuchasa sequencef wordsin text in a doc-
ument, (the valueson input nodesof the graphical
model). Let be a setof FSM states,eachof which
is associatedvith a label, , (suchas ORG). Let

be somesequenc®f states(the val-
ueson outputnodes) By theHammerslg-Cliffordthe-
orem,CRFsde ne the conditionalprobability of a state
sequencgivenaninputsequencéo be

P N
where is a normalizationfactor over all state se-
guences, is an arbitrary featurefunc-

tion over its aguments,and  is a learnedweight for
eachfeaturefunction. A featurefunctionmay, for exam-
ple, be de ned to have value 0 in mostcasesand have
valuel if andonly if is state#1 (which may have
label OTHER), and is state#2 (which may have la-
bel LocATION), and the obsenation at position in
is aword appearingn alist of countrynames.Higher
weightsmalke their correspondindg-SM transitionsmore
likely, sotheweight in this exampleshouldbe pos-
itive. More generally featurefunctions can ask pow-
erfully arbitrary questionsaboutthe input sequencein-
cluding queriesaboutprevious words, next words, and
conjunctionf all theseand canrange

CRFs de ne the conditional probability of a Iabel
sequencebasedon total probability over the state se-
guences,P P where is
the sequencef labelscorrespondingo the labelsof the
statedn sequence.

Note that the normalizationfactor ~ , is the sum
of the “scores” of all possiblestatesequences,

and that

the numberof statesequencess exponentialin the in-
put sequencédength, . In arbitrarily-structuredCRFs,
calculating the normalizationfactor in closedform is
intractable, but in linearchain-structuredCRFs, as in
forward-badkward for hiddenMarkov models(HMMs),
the probability that a particulartransitionwastaken be-
tweentwo CRF statesat a particularpositionin theinput

sequencean be calculatedef ciently by dynamicpro-
gramming. We de ne slightly modi ed forward values

, to be the “unnormalizedprobability” of arriving
in state given theobsenations . We et
equalto the probability of startingin eachstate
recurse:

, and

The backward procedureand the remaining details of
Baum-Welcharede nedsimilarly.  isthen .
The Viterbi algorithm for nding the mostlikely state
sequencaiven the obsenation sequencesan be corre-
spondinglymodi ed from its HMM form.

2.1 Training CRFs

Theweightsof aCRF, , aresetto maximizethe
conditionallog-likelihood of Iabeledsequencem some
trainingset,

wherethesecondsumis aGaussiamprior over parameters
(with variance ) that provides smoothingto help cope
with sparsityin thetraining data.

Whenthe training labelsmale the statesequencein-
ambiguougasthey oftendo in practice),the likelihood
function in exponentialmodels such as CRFsis con-
vex, sothereareno local maxima,andthus nding the
globaloptimumis guaranteedit hasrecentlybeenshovn
thatquasi-Nevton methodssuchasL-BFGS,aresigni -
cantlymoreef cient thantraditionaliterative scalingand
evenconjugategradient(Malouf, 2002; ShaandPereira,
2003). This methodapproximateghe second-deviative
of the likelihoodby keepinga running, nite-sized win-
dow of previous rst-derivatives.

L-BFGS can simply be treatedas a black-box opti-
mization procedure requiringonly that one provide the

rst-derivative of the functionto be optimized. Assum-

ing that the training labelson instance male its state
pathunambiguouslet denotethatpath,andthenthe
rst-derivative of thelog-likelihoodis

is the “count” for feature
, equal to )

where
and

given
the sum of



valuesfor all positions, , in the se-
guence . The rst two termscorrespondo the differ-
encebetweernthe empiricalexpectedvalueof feature
andthemodel'sexpectedvalue: . The
lasttermis the derivative of the Gaussiarprior.

3 Efficient Feature Induction for CRFs

Typically thefeatures, , arebasedon somenumberof
hand-craftecatomic obsenationaltests(suchasword is
capitalizedor word is “said” , or word appeas in lexi-
conof countryname$, anda large collectionof features
is formedby makingconjunctionsof the atomictestsin
certainuserde ned patternsj(for example,the conjunc-
tions consistingof all testsat the currentsequencepo-
sition conjoinedwith all testsat the position one step
ahead—speci callyfor instance,current word is capi-
talized and next word is “Inc” ). Therecan easily be
over 100,000atomictests(mostly basedon testsfor the
identity of words in the vocahulary), and ten or more
shifted-conjunctiompatterns—resultingn severalmillion
features(Shaand Pereira,2003). This large numberof
featurescan be prohibitively expensve in memoryand
computation;furthermoremary of thesefeaturesareir-
relevant,andothersthatarerelevantareexcluded.

In responsewe wish to use just those time-shifted

conjunctionghatwill signi cantly improveperformance.

We startwith no featuresandover severalroundsof fea-
ture induction: (1) considera setof proposedew fea-
tures,(2) selectfor inclusionthosecandidatdeatureghat
will mostincreasethe log-likelihoodof the correctstate
path |, and(3) train weightsfor all features.The pro-
posednew featuresarebasedon the hand-craftecdbbser
vational tests—consistingf singletontests,and binary
conjunctionsof testswith eachotherand with features
currentlyin the model. The later allows arbitrary-length
conjunctionsto be built. The factthat not all singleton
testsareincludedin the modelgivesthe designergreat
freedomto useavery largevariety of obsenationaltests,
andalargewindow of time shifts.

To considerthe effect of addinga new feature,de ne
the new sequencenodelwith additionalfeature, , hav-
ing weight , to be

P

def

P

in the denominatoris simply the additional portion of
normalizationrequiredto make the new functionsumto
1 overall statesequences.

Following (Della Pietraetal., 1997),we ef ciently as-
sesgnary candidatdeaturedn parallelby assuminghat
the parametersn all includedfeaturesremain x ed
while estimatinghegain, , of acandidatdeature, ,

basedon theimprovementin log-likelihoodit provides,

where includes .

In addition,we malke this approachractablefor CRFs
with two furtherreasonabl@andmutually-supportingp-
proximationsspeci ¢ to CRFs. (1) We avoid dynamic
programmingfor inferencein the gain calculationwith
a mean- eld approximation,removing the dependence
amongstates. (Thus we transformthe gain from a se-
guenceproblemto a tokenclassi cationproblem. How-
ever, the original posteriordistribution over statesgiven
eachtoken, , is still
calculatedoy dynamicprogrammingwithoutapproxima-
tion.) Furthermorewe can calculatethe gain of aggre-
gatefeaturesrrespectve of transitionsource,
and expandthem after they are selected. (2) In mary
sequenceroblems,the greatmajority of the tokensare
correctlylabeledevenin the early stagesf training. We
signi cantly gainef ciency by includingin the gaincal-
culationonly thosetokensthataremislabeledby the cur-
rentmodel. Let be thosetokens,and

be the input sequenceén which the th errortoken
occursatposition . Thenalgebraicsimpli cation us-
ing theseapproximationsand previous de nitions gives

where (with non-bold ) is simply
P . The optimal val-
uesof the 'scannotbesolvedin closedform, but New-
ton'smethod nds themall in about12 quickiterations.
Therearetwo additionalimportantmodelingchoices:
(1) Becausewe expectour modelsto still require sev-
eralthousand®f featureswe save time by addingmany
of thefeatureswith highestgaineachroundof induction
ratherthanjust one; (including a few redundanfeatures
is notharmful). (2) Because&venmodelswith asmallse-
lect numberof featurescanstill severelyover t, we train
the modelwith just a few BFGSiterations(not to con-
vergencepeforeperformingthe next roundof featurein-
duction.Detailsarein (McCallum,2003).

4 Web-augmented Lexicons

Somegeneral-purposkexicons,sucha surnamesndlo-
cationnamesarewidely available, however, mary nat-
ural languagetaskswill bene t from moretask-specic
lexicons, suchaslists of soccerteams,political parties,
NGOsandEnglishcounties. Creatingnew lexiconsen-
tirely by handis tediousandtime consuming.



English Development Test
Prec  Recall F1 Prec  Recall F1
LOC 93.82 91.78 9279 || 87.23 87.65 87.44
MISC | 83.99 7852 81.17 || 7444 7137 72.87
ORG 84.23  82.03 83.11 || 79.52 7833 78.92
PER 92.64 93.65 93.14 || 91.05 89.98 90.51
Overall | 89.84 88.10 88.96 || 84.52 8355 84.04
German Development Test
Prec  Recall F1 Prec  Recall F1
LOC 68.55 68.84 68.69 || 71.92 69.28  70.57
MISC | 72.66 4525 55.77 || 69.59 4269 52091
ORG 70.64 5488 61.77 || 63.85 4890 55.38
PER 8221 6431 7217 || 90.04 74.14 81.32
Overall | 73.60 59.01 65.50 || 7597 61.72 68.11

Figurel: EnglishandGermanmamedentity extraction.

Using a techniquewe call WebListing we build lexi-
consautomaticallyfrom HTML dataon the Weh Previ-
ouswork hasbuilt lexiconsfrom x edcorporaby deter
mining linguistic patternsfor the context in which rele-
vantwordsappealCollinsandSinger 1999;Jone<tal.,
1999).Ratherthanmining asmallcorpuswe gatherdata
from nearlythe entireWeb; ratherthanrelying on fragile
linguistic context patternswe leveragerobustformatting
regularitiesontheWeh WebListing nds co-occurrences
of seedtermsthatappearin anidenticalHTML format-
ting pattern,andaugments lexicon with othertermson
the pagethat sharethe sameformatting. Our currentim-
plementatiorusesGoogleSetswhich we understando
bea simpleimplementatiorof thisapproactbasednus-
ing HTML list itemsasthe formattingregularity. We are
currentlybuilding amoresophisticatedeplacement.

5 Results

To performnamedentity extractionon the news articles
in the CoNLL-2003Englishsharedask,severalfamilies
of featuresareused all time-shiftedby -2, -1, 0, 1, 2: (a)
theworditself, (b) 16 characteflevel regularexpressions,
mostly concerningcapitalizationanddigit patternssuch
asA, A+, Aa+, Aa+Aa*, A., D+, wherea, a andD indi-
catetheregularexpressiong A-z1], [a-z] and[0-9],
(c) 8 lexiconsenteredby hand,suchashonori cs, days
andmonths,(d) 15 lexiconsobtainedfrom speci c web
sites,suchas countries,publicly-tradedcompaniessur
names,stopwords, and universities,(e) 25 lexicons ob-
tainedby WebListing (including peoplenames,organi-
zations,NGOs and nationalities),(f) all the above tests
with pre x firstmention from ary previous duplicateof
the currentword, (if capitalized). A small amountof
hand- Itering was performedon someof the WebList-
ing lexicons. SinceGoogleSetssupportfor non-English
is severely limited, only 5 small lexiconswere usedfor
Germanjut charactebi- andtri-gramswereadded.

A Java-implemented,rst-order CRF was trainedfor
about12 hoursona 1GHz Pentiumwith a Gaussiarprior

varianceof 0.5, inducing 1000 or fewer features(down
to a gainthresholdof 5.0) eachroundof 10 iterationsof
L-BFGS. Candidateconjunctionsarelimited to the 1000
atomic and existing featureswith highestgain. Perfor
manceresultsfor eachof the entity classesanbe found
in Figurel. Themodelachiezedanoverall F1 of 84.04%
on the Englishtestsetusing6423features.(Usinga set
of x edconjunctionpatternsnsteadof featureinduction
resultsin F173.34% with aboutl million featurestrial-
and-errortuningthe x ed patternswould likely improve
this.) Accurag gainsareexpectedrom experimentation
with theinductionparameterandimprovedWebListing.
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