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1 Introduction

Modelsfor many naturallanguagetasksbene�t from the
�e xibility to useoverlapping,non-independentfeatures.
For example,theneedfor labeleddatacanbedrastically
reducedby taking advantageof domain knowledge in
the form of word lists, part-of-speechtags,charactern-
grams,andcapitalizationpatterns.While it is dif�cult to
capturesuchinter-dependentfeatureswith a generative
probabilisticmodel, conditionally-trainedmodels,such
as conditionalmaximumentropy models,handlethem
well. Therehasbeensigni�cant work with suchmod-
els for greedysequencemodelingin NLP (Ratnaparkhi,
1996;Borthwicket al., 1998).

Conditional RandomFields (CRFs) (Lafferty et al.,
2001)areundirectedgraphicalmodels,a specialcaseof
whichcorrespondto conditionally-trained�nite statema-
chines. While basedon the sameexponentialform as
maximumentropy models,they haveef�cient procedures
for complete,non-greedy�nite-state inferenceandtrain-
ing. CRFshave shown empirical successesrecentlyin
POStagging(Lafferty etal.,2001),nounphrasesegmen-
tation(ShaandPereira,2003)andChinesewordsegmen-
tation(McCallumandFeng,2003).

Giventhesemodels'great�e xibility to includea wide
arrayof features,an importantquestionthat remainsis
what featuresshould be used? For example, in some
casescapturinga word tri-gram is important,however,
thereis not suf�cient memoryor computationto include
all word tri-grams.As thenumberof overlappingatomic
featuresincreases,the dif�culty andimportanceof con-
structingonly certainfeaturecombinationsgrows.

This paperpresentsa feature induction method for
CRFs. Foundedon the principle of constructingonly
thosefeatureconjunctionsthatsigni�cantly increaselog-
likelihood,theapproachbuilds on thatof Della Pietraet
al (1997),but is alteredto work with conditionalrather
than joint probabilities,and with a mean-�eld approxi-
mation and other additionalmodi�cations that improve
ef�ciency speci�cally for a sequencemodel.In compari-

sonwith traditionalapproaches,automatedfeatureinduc-
tion offersbothimprovedaccuracy andsigni�cant reduc-
tion in featurecount;it enablestheuseof richer, higher-
orderMarkov models,andoffersmorefreedomto liber-
ally guessaboutwhich atomicfeaturesmay be relevant
to a task.

Featureinductionmethodsstill requiretheuserto cre-
atethebuilding-blockatomicfeatures.Lexiconmember-
shiptestsareparticularlypowerful featuresin naturallan-
guagetasks.Thequestioniswhereto getlexiconsthatare
relevantfor theparticulartaskat hand?

ThispaperdescribesWebListing, amethodthatobtains
seedsfor thelexiconsfrom thelabeleddata,thenusesthe
Web, HTML formattingregularitiesanda searchengine
serviceto signi�cantly augmentthoselexicons. For ex-
ample,basedon theappearanceof Arnold Palmer in the
labeleddata,we gatherfrom theWeba largelist of other
golf players,includingTiger Woods(a phrasethat is dif-
�cult to detectasanamewithouta goodlexicon).

We presentresultson the CoNLL-2003namedentity
recognition(NER) sharedtask,consistingof news arti-
cleswith taggedentitiesPERSON, LOCATION, ORGANI-
ZATION andM ISC. Thedatais quitecomplex; for exam-
ple theEnglishdataincludesforeignpersonnames(such
asYayukBasukiandInnocentButare), awidediversityof
locations(includingsportsvenuessuchasTheOval, and
rarelocationnamessuchasNirmal Hriday), many types
of organizations(from company namessuchas 3M, to
acronyms for political partiessuchasKDP, to location
namesusedto refer to sportsteamssuchasCleveland),
andawidevarietyof miscellaneousnamedentities(from
softwaresuchasJava, to nationalitiessuchasBasque, to
sportingcompetitionssuchas1,000LakesRally).

Onthis,our �rst attemptataNERtask,with justa few
person-weeksof effort and little work on development-
set error analysis,our methodcurrently obtainsoverall
EnglishF1of 84.04%on thetestsetby usingCRFs,fea-
tureinductionandWeb-augmentedlexicons.GermanF1
usingvery limited lexiconsis 68.11%.



2 Conditional Random Fields
ConditionalRandomFields(CRFs)(Laffertyetal.,2001)
areundirectedgraphicalmodelsusedto calculatethecon-
ditional probabilityof valueson designatedoutputnodes
givenvaluesassignedto otherdesignatedinputnodes.

In the specialcasein which the output nodesof the
graphicalmodel are linked by edgesin a linear chain,
CRFsmake a �rst-order Markov independenceassump-
tion, andthuscanbeunderstoodasconditionally-trained
�nite statemachines(FSMs). In the remainderof this
sectionwe introducethelikelihoodmodel,inferenceand
estimationproceduresfor CRFs.

Let ���������
	��
�
	��������
��� be someobserved input data
sequence,suchasa sequenceof wordsin text in a doc-
ument, (the valueson � input nodesof the graphical
model). Let � be a set of FSM states,eachof which
is associatedwith a label, ����� , (suchas ORG). Let�����! 
�"	# $�
	������% "�&� be somesequenceof states,(the val-
ueson ' outputnodes).By theHammersley-Clif fordthe-
orem,CRFsde�ne theconditionalprobabilityof a state
sequencegivenaninput sequenceto be
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where

1*2
is a normalizationfactor over all state se-

quences,

A�> )  ;CB � 	D ; 	��E	�FG- is an arbitrary featurefunc-
tion over its arguments,and

? >
is a learnedweight for

eachfeaturefunction. A featurefunctionmay, for exam-
ple, be de�ned to have value0 in mostcases,andhave
value1 if andonly if  ;CB � is state#1 (which may have
label OTHER), and  ; is state#2 (which may have la-
bel LOCATION), and the observation at position F in �
is a word appearingin a list of countrynames.Higher

?
weightsmake their correspondingFSM transitionsmore
likely, so the weight

? >
in this exampleshouldbe pos-

itive. More generally, featurefunctions can ask pow-
erfully arbitraryquestionsaboutthe input sequence,in-
cluding queriesaboutprevious words, next words, and
conjunctionsof all these,and
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CRFs de�ne the conditional probability of a label

sequencebasedon total probability over the statese-
quences,P ( )�O + �.-I�QPSRUT VXW�RGY <[Z P ( ) �\+ �.-D	 where �U) �]- is
thesequenceof labelscorrespondingto the labelsof the
statesin sequence� .

Note that the normalizationfactor,
1/2

, is the sum
of the “scores” of all possiblestatesequences,

1^2 �P RD_�`8a 3�5,7cb P �;=< � P > ? >dA
> )  ;CB � 	D ; 	��E	�FG-feg	 and that
the numberof statesequencesis exponentialin the in-
put sequencelength, ' . In arbitrarily-structuredCRFs,
calculating the normalizationfactor in closed form is
intractable,but in linear-chain-structuredCRFs, as in
forward-backward for hiddenMarkov models(HMMs),
the probability that a particulartransitionwastaken be-
tweentwo CRFstatesat a particularpositionin theinput

sequencecan be calculatedef�ciently by dynamicpro-
gramming. We de�ne slightly modi�ed forward values,h ; )  "ij- , to be the “unnormalizedprobability” of arriving
in state i given theobservations ���d�
	������ � ; � . Weset h&k )  ]-
equalto the probability of startingin eachstate  , and
recurse:h ;=l � )  ]-/� :fmKn h ; )  "oX- 36587 9 : >�? > A > )  $o�	D �	D�[	DFG- H �
The backward procedureand the remainingdetails of
Baum-Welcharede�nedsimilarly.
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The Viterbi algorithm for �nding the most likely state
sequencegiven the observation sequencecan be corre-
spondinglymodi�ed from its HMM form.

2.1 Training CRFs

Theweightsof aCRF, p �rq ? 	������ts , aresettomaximizethe
conditionallog-likelihoodof labeledsequencesin some
trainingset, u �vqw���E	 O � W � Y 	$�����x�!�[	 O � W�yUY 	������x�!�[	 O � Wxz{Y s :| ( � z:y < �~}x�d� b P (*)!O W�yUY + � W�yUY -Ge L :
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wherethesecondsumis aGaussianprior overparameters
(with variance

�
) that providessmoothingto help cope

with sparsityin thetrainingdata.
Whenthe training labelsmake thestatesequenceun-

ambiguous(asthey often do in practice),the likelihood
function in exponentialmodelssuch as CRFs is con-
vex, so thereareno local maxima,andthus�nding the
globaloptimumis guaranteed.It hasrecentlybeenshown
thatquasi-Newtonmethods,suchasL-BFGS,aresigni�-
cantlymoreef�cient thantraditionaliterativescalingand
evenconjugategradient(Malouf, 2002;ShaandPereira,
2003). This methodapproximatesthesecond-derivative
of the likelihoodby keepinga running,�nite-sized win-
dow of previous�rst-derivatives.

L-BFGS can simply be treatedas a black-boxopti-
mizationprocedure,requiringonly that oneprovide the
�rst-derivative of the function to be optimized. Assum-
ing that the training labelson instance� make its state
pathunambiguous,let � W�yUY denotethatpath,andthenthe
�rst-derivativeof thelog-likelihoodis� |� ? > � �� z:y < �.� > ) � W�yUY 	D� W�yUY -K�� L
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where � > ) �
	D�~- is the “count” for feature � given �
and � , equal to P �;=< � A > )  ;CB �"	# ; 	D�[	DFG- , the sum of



A > )  ;CB �]	# ; 	D�[	DFG- valuesfor all positions, F , in the se-
quence� . The �rst two termscorrespondto the differ-
encebetweentheempiricalexpectedvalueof feature

A\>
andthemodel'sexpectedvalue: )&��c� A >$� L � ( � A >"� -G� . The
lasttermis thederivativeof theGaussianprior.

3 Efficient Feature Induction for CRFs

Typically thefeatures,

A >
, arebasedon somenumberof

hand-craftedatomicobservationaltests(suchasword is
capitalizedor word is “said” , or word appears in lexi-
conof countrynames), anda largecollectionof features
is formedby makingconjunctionsof theatomictestsin
certainuser-de�ned patterns;(for example,theconjunc-
tions consistingof all testsat the currentsequencepo-
sition conjoinedwith all testsat the position one step
ahead—speci�cally, for instance,current word is capi-
talized and next word is “Inc” ). There can easily be
over 100,000atomictests(mostlybasedon testsfor the
identity of words in the vocabulary), and ten or more
shifted-conjunctionpatterns—resultingin severalmillion
features(ShaandPereira,2003). This large numberof
featurescan be prohibitively expensive in memoryand
computation;furthermoremany of thesefeaturesareir-
relevant,andothersthatarerelevantareexcluded.

In response,we wish to use just thosetime-shifted
conjunctionsthatwill signi�cantly improveperformance.
We startwith no features,andoverseveralroundsof fea-
ture induction: (1) considera setof proposednew fea-
tures,(2) selectfor inclusionthosecandidatefeaturesthat
will mostincreasethe log-likelihoodof thecorrectstate
path � W�yUY , and(3) train weightsfor all features.Thepro-
posednew featuresarebasedon thehand-craftedobser-
vational tests—consistingof singletontests,andbinary
conjunctionsof testswith eachother and with features
currentlyin themodel. The laterallows arbitrary-length
conjunctionsto be built. The fact that not all singleton
testsare includedin the modelgivesthe designergreat
freedomto useavery largevarietyof observationaltests,
anda largewindow of timeshifts.

To considertheeffect of addinga new feature,de�ne
thenew sequencemodelwith additionalfeature,� , hav-
ing weight � , to be
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in the denominatoris simply the additionalportion of
normalizationrequiredto make thenew functionsumto
1 overall statesequences.

Following (DellaPietraetal., 1997),weef�ciently as-
sessmany candidatefeaturesin parallelby assumingthat
the

?
parameterson all includedfeaturesremain �x ed

while estimatingthegain, ��)X� - , of acandidatefeature,� ,

basedon theimprovementin log-likelihoodit provides,� ( )=� -/����� 5� � ( )X� 	 � -/����� 5� | ( l��#� L | ( �
where

| ( l��#� includesL�� �"� �
� � .
In addition,we make this approachtractablefor CRFs

with two furtherreasonableandmutually-supportingap-
proximationsspeci�c 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-
quenceproblemto a tokenclassi�cationproblem.How-
ever, the original posteriordistribution over statesgiven
eachtoken,   ( )  ,+ �.-¡�¢h ; )  \+ �.-j£ ;=l � )  \+ �.- � 1*2 , is still
calculatedby dynamicprogrammingwithoutapproxima-
tion.) Furthermore,we cancalculatethe gain of aggre-
gatefeaturesirrespective of transitionsource,��)  ; 	��E	�FG- ,
and expand them after they are selected. (2) In many
sequenceproblems,the greatmajority of the tokensare
correctlylabeledevenin theearlystagesof training. We
signi�cantly gainef�ciency by includingin thegaincal-
culationonly thosetokensthataremislabeledby thecur-
rentmodel. Let q
� )=¤ -¦¥ ¤ � 0 ������§�s bethosetokens,and� )=¤ - be the input sequencein which the ¤ th error token
occursat position F )=¤ - . Thenalgebraicsimpli�cation us-
ing theseapproximationsandprevious de�nitions gives� ( )X� 	 � -/�¨: i < � }x��� 9 36587�©�����)  

; W i Y 	�� )=¤ -D	DF )=¤ -f-fª1*« W i Y )�p 	 � 	 � - H L � ��
� ��¡§ � ���� � � L ¨: i < �[}x�d� ) � ( � 36587E)���� -$+ � )=¤ - � L � ���� � 	
where

1*« W i Y )�p 	 � 	 � - (with non-bold � ) is simplyP m
P (/)  \+ � )=¤ -f- 3�587E)=�.��)  �	�� )=¤ -#	�F )=¤ -U-f- . The optimal val-

uesof the � 's cannotbesolvedin closedform, but New-
ton'smethod�nds themall in about12quick iterations.

Therearetwo additionalimportantmodelingchoices:
(1) Becausewe expect our modelsto still requiresev-
eral thousandsof features,we save time by addingmany
of thefeatureswith highestgaineachroundof induction
ratherthanjust one;(includinga few redundantfeatures
is notharmful). (2) Becauseevenmodelswith asmallse-
lect numberof featurescanstill severelyover�t, we train
the modelwith just a few BFGSiterations(not to con-
vergence)beforeperformingthenext roundof featurein-
duction.Detailsarein (McCallum,2003).

4 Web-augmented Lexicons
Somegeneral-purposelexicons,sucha surnamesandlo-
cationnames,arewidely available,however, many nat-
ural languagetaskswill bene�t from moretask-speci�c
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 92.79 87.23 87.65 87.44
MISC 83.99 78.52 81.17 74.44 71.37 72.87
ORG 84.23 82.03 83.11 79.52 78.33 78.92
PER 92.64 93.65 93.14 91.05 89.98 90.51

Overall 89.84 88.10 88.96 84.52 83.55 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 45.25 55.77 69.59 42.69 52.91
ORG 70.64 54.88 61.77 63.85 48.90 55.38
PER 82.21 64.31 72.17 90.04 74.14 81.32

Overall 73.60 59.01 65.50 75.97 61.72 68.11

Figure1: EnglishandGermannamedentityextraction.

Using a techniquewe call WebListing, we build lexi-
consautomaticallyfrom HTML dataon theWeb. Previ-
ouswork hasbuilt lexiconsfrom �x edcorporaby deter-
mining linguistic patternsfor the context in which rele-
vantwordsappear(CollinsandSinger, 1999;Jonesetal.,
1999).Ratherthanminingasmallcorpus,wegatherdata
from nearlytheentireWeb;ratherthanrelyingon fragile
linguistic context patterns,we leveragerobustformatting
regularitiesontheWeb. WebListing�nds co-occurrences
of seedtermsthat appearin an identicalHTML format-
ting pattern,andaugmentsa lexicon with othertermson
thepagethatsharethesameformatting.Our currentim-
plementationusesGoogleSets,which we understandto
beasimpleimplementationof thisapproachbasedonus-
ing HTML list itemsastheformattingregularity. We are
currentlybuilding a moresophisticatedreplacement.

5 Results

To performnamedentity extractionon thenews articles
in theCoNLL-2003Englishsharedtask,severalfamilies
of featuresareused,all time-shiftedby -2, -1, 0, 1, 2: (a)
theworditself, (b) 16character-level regularexpressions,
mostlyconcerningcapitalizationanddigit patterns,such
asA, A+, Aa+, Aa+Aa*, A., D+, whereA, a andD indi-
catetheregularexpressions[A-Z],[a-z] and[0-9],
(c) 8 lexiconsenteredby hand,suchashonori�cs, days
andmonths,(d) 15 lexiconsobtainedfrom speci�c web
sites,suchascountries,publicly-tradedcompanies,sur-
names,stopwords,anduniversities,(e) 25 lexiconsob-
tainedby WebListing (including peoplenames,organi-
zations,NGOsandnationalities),(f) all the above tests
with pre�x firstmention from any previousduplicateof
the currentword, (if capitalized). A small amountof
hand-�ltering was performedon someof the WebList-
ing lexicons.SinceGoogleSets'supportfor non-English
is severely limited, only 5 small lexiconswereusedfor
German;but characterbi- andtri-gramswereadded.

A Java-implemented,�rst-order CRF was trainedfor
about12hoursona1GHzPentiumwith aGaussianprior

varianceof 0.5, inducing1000or fewer features(down
to a gainthresholdof 5.0) eachroundof 10 iterationsof
L-BFGS.Candidateconjunctionsarelimited to the1000
atomicandexisting featureswith highestgain. Perfor-
manceresultsfor eachof theentity classescanbefound
in Figure1. ThemodelachievedanoverallF1of 84.04%
on theEnglishtestsetusing6423features.(Usinga set
of �x edconjunctionpatternsinsteadof featureinduction
resultsin F173.34%,with about1 million features;trial-
and-errortuning the �x edpatternswould likely improve
this.) Accuracy gainsareexpectedfrom experimentation
with theinductionparametersandimprovedWebListing.

Acknowledgments
We thank John Lafferty, Fernando Pereira, Andres Corrada-
Emmanuel, Drew Bagnell and Guy Lebanon, for helpful in-
put. This work was supported in part by the Center for Intelli-
gent Information Retrieval, SPAWARSYSCEN-SD grant num-
bers N66001-99-1-8912 and N66001-02-1-8903, Advanced
Research and Development Activity under contract number
MDA904-01-C-0984, and DARPA contract F30602-01-2-0566.

References
A. Borthwick, J. Sterling, E. Agichtein, and R. Grishman. 1998.

Exploiting diverse knowledge sources via maximum entropy
in named entity recognition. In Proceedingsof the Sixth
Workshopon Very Large Corpora, Associationfor Compu-
tationalLinguistics.

M. Collins and Y. Singer. 1999. Unsupervised models for
named entity classification. In Proceedingsof theJoint SIG-
DAT ConferenceonEmpiricalMethodsin Natural Language
ProcessingandVeryLarge Corpora.

Stephen Della Pietra, Vincent J. Della Pietra, and John D. Laf-
ferty. 1997. Inducing features of random fields. IEEE
Transactionson PatternAnalysisandMachine Intelligence,
19(4):380–393.

Rosie Jones, Andrew McCallum, Kamal Nigam, and Ellen
Riloff. 1999. Bootstrapping for text learning tasks. In
IJCAI-99 Workshop on Text Mining: Foundations,Tech-
niquesandApplications.

John Lafferty, Andrew McCallum, and Fernando Pereira. 2001.
Conditional random fields: Probabilistic models for seg-
menting and labeling sequence data. In Proc.ICML.

Robert Malouf. 2002. A comparison of algorithms for max-
imum entropy parameter estimation. In SixthWorkshopon
ComputationalLanguage Learning(CoNLL-2002).

Andrew McCallum and Fang-Fang Feng. 2003. Chinese word
segmentation with conditional random fields and integrated
domain knowledge. In UnpublishedManuscript.

Andrew McCallum. 2003. Efficiently inducing features of con-
ditional random fields. In NineteenthConferenceon Uncer-
tainty in Arti�cial Intelligence(UAI03). (Submitted).

Adwait Ratnaparkhi. 1996. A maximum entropy model for
part-of-speech tagging. In Eric Brill and Kenneth Church,
editors, Proceedingsof the Conferenceon Empirical Meth-
odsin Natural Language Processing, pages 133–142. Asso-
ciation for Computational Linguistics.

Fei Sha and Fernando Pereira. 2003. Shallow parsing with con-
ditional random fields. In Proceedingsof HumanLanguage
Technology, NAACL.


