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Abstract

This paper describesalgorithms which
rerank the top N hypothesesfrom a
maximum-entropy tagger, the applica-
tion being the recovery of named-entity
boundariesin a corpusof web data. The
first approachusesa boostingalgorithm
for ranking problems. The secondap-
proach uses the voted perceptronalgo-
rithm. Both algorithms give compara-
ble, significant improvements over the
maximum-entropy baseline. The voted
perceptronalgorithmcanbeconsiderably
more efficient to train, at some cost in
computationon testexamples.

1 Intr oduction

Recentwork in statisticalapproachesto parsingand
tagging hasbegun to considermethodswhich in-
corporateglobal features of candidatestructures.
Examplesof suchtechniquesareMarkov Random
Fields(Abney 1997;Della Pietraet al. 1997;John-
sonet al. 1999),andboostingalgorithms(Freundet
al. 1998; Collins 2000; Walker et al. 2001). One
appealof thesemethodsis their flexibility in incor-
poratingfeaturesinto a model: essentiallyany fea-
tureswhich might beusefulin discriminatinggood
from badstructurescanbe included. A secondap-
pealof thesemethodsis that their trainingcriterion
is oftendiscriminative, attemptingto explicitly push
the scoreor probability of the correctstructurefor
eachtrainingsentenceabove thescoreof competing
structures.Thisdiscriminative propertyis sharedby
themethodsof (Johnsonet al. 1999;Collins 2000),
andalsotheConditionalRandomField methodsof
(Lafferty etal. 2001).

In a previouspaper(Collins 2000),a boostingal-
gorithm wasusedto rerankthe output from an ex-

isting statisticalparser, giving significantimprove-
mentsin parsingaccuracy on Wall StreetJournal
data.Similarboostingalgorithmshave beenapplied
to naturallanguagegeneration,with goodresults,in
(Walker et al. 2001). In this paperwe applyrerank-
ing methodsto named-entityextraction.A state-of-
the-art(maximum-entropy) taggeris usedto gener-
ate 20 possiblesegmentationsfor eachinput sen-
tence,along with their probabilities. We describe
a numberof additionalglobal featuresof thesecan-
didatesegmentations.Theseadditionalfeaturesare
usedasevidencein rerankingthe hypothesesfrom
themax-enttagger. We describetwo learningalgo-
rithms: theboostingmethodof (Collins2000),anda
variantof thevotedperceptronalgorithm,whichwas
initially describedin (Freund& Schapire1999).We
appliedthemethodsto a corpusof over onemillion
wordsof taggedwebdata.Themethodsgive signif-
icantimprovementsover themaximum-entropy tag-
ger (a 17.7%relative reductionin error-rate for the
votedperceptron,anda15.6%relative improvement
for theboostingmethod).

Onecontribution of this paperis to show thatex-
isting rerankingmethodsare useful for a new do-
main, named-entitytagging,and to suggestglobal
featureswhich give improvementson this task. We
should stressthat anothercontribution is to show
that a new algorithm, the voted perceptron,gives
verycredibleresultsonanaturallanguagetask.It is
anextremelysimplealgorithmto implement,andis
very fastto train (thetestingphaseis slower, but by
nomeanssluggish).It shouldbeaviablealternative
to methodssuchastheboostingor Markov Random
Field algorithmsdescribedin previouswork.

2 Background

2.1 The data

Over a periodof a yearor sowe have hadover one
million wordsof named-entitydataannotated.The
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datais drawn from webpages,theaimbeingto sup-
port a question-answeringsystemover webdata.A
numberof categoriesareannotated:the usualpeo-
ple, organizationandlocationcategories,aswell as
lessfrequentcategoriessuchasbrand-names,scien-
tific terms,event titles (suchasconcerts)andsoon.
From this datawe createda training set of 53,609
sentences(1,047,491words),andatestsetof 14,717
sentences(291,898words).

The taskwe consideris to recover named-entity
boundaries.We leave therecovery of thecategories
of entitiesto a separatestageof processing.1 We
evaluatedifferentmethodson the taskthroughpre-
cisionandrecall. If a methodproposes� entitieson
thetestset,and� of thesearecorrect(i.e.,anentityis
markedby theannotatorwith exactly thesamespan
asthat proposed)thenthe precisionof a methodis�������	� ��
 � . Similarly, if � is thetotalnumberof en-
tities in thehumanannotatedversionof thetestset,
thentherecall is

�������� ��
�� .
2.2 The baselinetagger

The problemcanbe framedasa taggingtask– to
tag eachword asbeingeitherthe startof an entity,
a continuationof an entity, or not to be part of an
entity at all (we will usethetagsS, C andN respec-
tively for thesethreecases). As a baselinemodel
we useda maximumentropy tagger, very similar to
theonesdescribedin (Ratnaparkhi1996;Borthwick
et. al 1998;McCallum et al. 2000). Max-ent tag-
gershave beenshown to behighly competitive on a
numberof taggingtasks,suchaspart-of-speechtag-
ging (Ratnaparkhi1996),named-entityrecognition
(Borthwick et. al 1998),andinformationextraction
tasks(McCallumet al. 2000). Thusthemaximum-
entropy taggerweusedrepresentsaseriousbaseline
for the task. We usedthe following features(sev-
eral of the featureswere inspiredby the approach
of (Bikel et. al 1999),anHMM modelwhich gives
excellentresultsonnamedentity extraction):� Theword beingtagged,thepreviousword,and
thenext word.� Theprevioustag,andtheprevioustwo tags(bi-
gramandtrigramfeatures).

1In initial experiments,we found that forcing the taggerto
recovercategoriesaswell asthesegmentation,by explodingthe
numberof tags,reducedperformanceonthesegmentationtask,
presumablydueto sparsedataproblems.

� A compoundfeatureof threefields: (a) Is the
word at the startof a sentence?;(b) doesthe word
occurin alist of wordswhichoccurmorefrequently
aslowercaseratherthanuppercasewordsin a large
corpusof text? (c) the type of the first letter � of
the word, where ��� ����� ��� is definedas‘A’ if � is a
capitalizedletter, ‘a’ if � is a lower-caseletter, ‘0’
if � is a digit, and � otherwise.For example,if the
word Animal is seenat the startof a sentence,and
it occursin the list of frequentlower-casedwords,
thenit wouldbemappedto thefeature1-1-A.� The word with eachcharactermappedto its��� ��� . For example, G.M. would be mappedto
A.A., andAnimal wouldbemappedto Aaaaaa.� The word with eachcharactermappedto its
type, but repeatedconsecutive charactertypesare
not repeatedin themappedstring.For example,An-
imal would bemappedto Aa, G.M. would againbe
mappedto A.A..

The taggerwas appliedand trainedin the same
wayasdescribedin (Ratnaparkhi1996).Thefeature
templatesdescribedabove areusedto createasetof� binary features��� � ���! �� , where � is thetag,and  
is the“history”, or context. An exampleis

��"$#%# � ���! ��'&
()* )+
�

if t = S andthe
wordbeingtagged= “Mr.”�
otherwise

Theparametersof themodelare ,-� for .'& �0/�/�/ � ,
defining a conditional distribution over the tags
givenahistory  as

1 � ��2  ��'& �4365�7 598�5;:=<;> ?�@
3 <BA � 3 5C7 5D8�5;:=< A > ?�@

The parametersare trainedusing GeneralizedIter-
ative Scaling. Following (Ratnaparkhi1996), we
only includefeatureswhich occur5 timesor more
in trainingdata.In decoding,we usea beamsearch
to recover 20 candidatetagsequencesfor eachsen-
tence(the sentenceis decodedfrom left to right,
with the top 20 most probablehypothesesbeing
storedateachpoint).

2.3 Applying the baselinetagger

As a baselinewe traineda modelon thefull 53,609
sentencesof training data,anddecodedthe 14,717
sentencesof testdata. This gave 20 candidatesper



test sentence,along with their probabilities. The
baselinemethodis to take themostprobablecandi-
datefor eachtestdatasentence,andthento calculate
precisionandrecall figures. Our aim is to comeup
with strategiesfor rerankingthetestdatacandidates,
in suchaway thatprecisionandrecall is improved.

In developing a reranking strategy, the 53,609
sentencesof training datawere split into a 41,992
sentencetrainingportion,anda11,617sentencede-
velopmentset. The training portion was split into
5 sections,andin eachcasethe maximum-entropy
taggerwastrainedon 4/5 of the data,thenusedto
decodethe remaining1/5. The top 20 hypotheses
undera beamsearch,togetherwith their log prob-
abilities,wererecoveredfor eachtrainingsentence.
In asimilar way, a modeltrainedon the41,992sen-
tencesetwasusedtoproduce20hypothesesfor each
sentencein thedevelopmentset.

3 Global features

3.1 The global-feature generator

The module we describein this sectiongenerates
global featuresfor eachcandidatetaggedsequence.
As input it takesa sentence,alongwith a proposed
segmentation(i.e., an assignmentof a tag for each
word in the sentence).As output, it producesa set
of featurestrings.We will usethefollowing tagged
sentenceasa runningexamplein thissection:

Whether/N you/N ’/N re/N an/N aging/N flower/N child/N

or/N a/N clueless/N Gen/S Xer/C ,/N “/N The/S Day/C

They/C Shot/C John/C Lennon/C ,/N ”/N playing/N at/N the/N

Dougherty/S Arts/C Center/C ,/N entertains/N the/N imagi-

nation/N ./N

An examplefeaturetype is simply to list the full
stringsof entitiesthatappearin thetaggedinput. In
thisexample,thiswouldgive thethreefeatures

WE=Gen Xer
WE=The Day They Shot John Lennon
WE=Dougherty Arts Center

HereWE standsfor “whole entity”. Throughout
thissection,wewill write thefeaturesin this format.
The startof the featurestring indicatesthe feature
type(in this caseWE), followedby =. Following the
type, therearegenerally1 or morewordsor other
symbols,whichwe will separatewith thesymbol .

A seperate module in our implementation
takes the strings producedby the global-feature

generator, and hashesthem to integers. For ex-
ample, supposethe three strings WE=Gen Xer,
WE=The Day They Shot John Lennon,
WE=Dougherty Arts Center were hashed
to 100, 250, and 500 respectively. Conceptually,
the candidate� is representedby a large number
of features FE � ��� for GH& �0/�/�/ � where � is the
numberof distinct featurestrings in training data.
In this example,only  I"$#%# � ��� ,  KJ%L%# � ��� and  ML%#%# � �I�
take thevalue

�
, all otherfeaturesbeingzero.

3.2 Feature templates

We now introducesomenotationwith which to de-
scribethe full setof global features. First, we as-
sumethefollowing primitivesof aninputcandidate:

� ��� for .N& �0/�/�/�O
is the . ’ th tag in the tagged

sequence.

�QP � for .0& �0/�/�/!O
is the . ’ th word.

�SR � for .0& �0/�/�/!O
is
�

if P � beginswith a lower-
caseletter,

�
otherwise.

� ��� for .T& �0/�/�/!O
is a transformationof P � ,

wherethetransformationis appliedin thesame
way asthe final featuretype in the maximum
entropy tagger. Eachcharacterin the word is
mappedto its ��� ��� , but repeatedconsecutive
charactertypesarenot repeatedin themapped
string. For example,Animal would bemapped
to Aa in this feature, G.M. would again be
mappedto A.A..

� �U� for .S& �0/�/�/!O
is the sameas ��� , but has

an additional flag appended. The flag indi-
cateswhetheror not thewordappearsin a dic-
tionary of words which appearedmore often
lower-casedthancapitalizedin a large corpus
of text. In our example,Animal appearsin the
lexicon, but G.M. doesnot, so the two values
for �U� wouldbeAa1 andA.A.0 respectively.

In addition, �V��� P �V�!��� and �U� areall definedto be
NULL if .XW � or .XY O .

Most of thefeatureswe describeareanchoredon
entityboundariesin thecandidatesegmentation.We
will use“featuretemplates”to describethefeatures
thatwe used.As anexample,supposethatanentity



Description FeatureTemplate
Thewholeentity string WE=Z-[ Z0\ [^]`_ba cdcdc Z-e
The f 5 featureswithin theentity FF=f [ f \ [;]`_ba cdc%c f e
The g 5 featureswithin theentity GF=g [ g \ [^]h_ba c%c�c g e
Thelastword in theentity LW= Z-e
Indicateswhetherthelastword is lower-cased LWLC= i e
Bigramboundaryfeaturesof thewordsbefore/afterthestart
of theentity

BO00=Z \ [$jk_ba Z [ BO01=Z \ [Vjk_ba g [ BO10=g \ [$jk_ba Z [
BO11=g�\ [Vj�_ba gl[

Bigramboundaryfeaturesof thewordsbefore/aftertheend
of theentity

BE00=Z e Z0\ e^]h_ba BE01=Z e g�\ e^]h_ba BE10=g e Z0\ e^]h_ba
BE11=gCe g�\ e^]h_ba

Trigramboundaryfeaturesof thewordsbefore/afterthestart
of theentity (16 featurestotal,only 4 shown)

TO000=Z0\ [Vj�m^a Z0\ [Vjk_ba Z [ cdc%c TO111=g�\ [Vj�m^a g4\ [Vjk_ba g [
TO2000=Z0\ [Vjk_ba Z-[ Z0\ [^]h_ba`c�cdc TO2111=g�\ [Vjk_ba gl[ g4\ [^]`_ba

Trigramboundaryfeaturesof thewordsbefore/aftertheend
of theentity (16 featurestotal,only 4 shown)

TE000=Z0\ e$jk_ba Z-e Z0\ e^]h_ba cdc%c TE111=g�\ eVj�_ba gCe g�\ e^]h_ba
TE2000=Z \ eVj�m^a Z \ e$jk_ba Z e c�cdc TE2111=g \ eVj�m^a g \ eVj�_ba g e

Prefixfeatures PF=fn[ PF2=gC[ PF=f![ fC\ [^]h_ba PF2=gl[ g4\ [^]`_bac%cdc PF=f [ f \ [^]h_ba cdcdc f e PF2=g [ g \ [^]h_ba c�c%c g e
Suffix features SF=fne SF2=gCe SF=f!e fC\ eVj�_ba SF2=gCe g�\ eVj�_bac%cdc SF=f e f \ eVjk_ba c%cdc f [ SF2=g e g \ eVjk_ba cdcdc g [

Figure1: Thefull setof entity-anchoredfeaturetemplates.Oneof thesefeaturesis generatedfor eachentity
seenin acandidate.We take theentity to spanwords G /�/�/ � inclusive in thecandidate.

is seenfrom words G to � inclusive in a segmenta-
tion. ThentheWE featuredescribedin theprevious
sectioncanbegeneratedby thetemplate

WE= P E P E�op" /�/�/ Prq
Applying this templateto the threeentities in the
runningexamplegeneratesthe threefeaturestrings
describedin theprevioussection.As anotherexam-
ple,considerthetemplateFF= ��E ��EVop" /�/�/ � q . This
will generatea featurestringfor eachof theentities
in a candidate,this time using the values ��E /�/�/ � q
ratherthan P E /�/�/ P q . For thefull setof featuretem-
platesthatareanchoredaroundentities,seefigure1.

A secondset of feature templatesis anchored
aroundquotationmarks.In ourcorpus,entities(typ-
ically with long names)are often seensurrounded
by quotes.For example,“The Day They ShotJohn
Lennon”,thenameof aband,appearsin therunning
example.Define G tobetheindex of any doublequo-
tationmarksin thecandidate,� to betheindex of the
next (matching)doublequotationmarksif they ap-
pearin thecandidate.Additionally, define ��s to be
the index of the last word beginning with a lower
caseletter, uppercaseletter, or digit within thequo-
tationmarks.Thefirst setof featuretemplatestracks
thevaluesof � � for thewordswithin quotes:2

Q=��E �%E � : EVop" @ � : E�op" @ /�/�/ � q � q
Q2=� : E%tI" @ � : EntI" @ �uE �%E /�/�/ � : q op" @ � : q op" @
2We only includedthesefeaturesif vxwzy|{n}z~�� , to prevent

anexplosionin thelengthof featurestrings.

The next set of feature templatesare sensitive
to whetherthe entire sequencebetweenquotesis
taggedas a namedentity. Define � s to be

�
if�%EVop"X& S, and �V� =C for .�&�G�� s /�/�/ ��s (i.e., � s & �

if thesequenceof wordswithin thequotesis tagged
asa singleentity). Also define � to be thenumber
of uppercasedwordswithin thequotes,� to bethe
numberof lowercasewords,and� tobe

�
if ��	� ,�

otherwise.Thentwo othertemplatesare:

QF=� s � � � : EVop" @ � q J
QF2=� s � � : EVop" @ � q J

In the “The Day They ShotJohnLennon”example
we would have � s & �

provided that theentirese-
quencewithin quoteswastaggedasan entity. Ad-
ditionally, ��&�� , ��& �

, and ��& �
. The val-

uesfor � : EVop" @ and � q J wouldbe ��� � and ��� � (these
featuresarederivedfrom The andLennon, whichre-
spectively do anddon’t appearin thecapitalization
lexicon). This would give QF=

� � � ��� � ��� � and
QF2=

� � ��� � ��� � .
At this point, we have fully describedthe repre-

sentationusedasinput to the rerankingalgorithms.
The maximum-entropy tagger gives 20 proposed
segmentationsfor eachinput sentence.Eachcan-
didate � is representedby the log probability � � �I�
from the tagger, aswell asthe valuesof the global
features KE � ��� for G�& �0/�/�/ � . In the next sec-
tion we describealgorithmswhich blendthesetwo
sourcesof information, the aim being to improve
upona strategy which just takesthecandidatefrom



thetaggerwith thehighestscorefor � � ��� .
4 Ranking Algorithms

4.1 Notation

This sectionintroducesnotation for the reranking
task. The framework is derived by the transforma-
tion from rankingproblemsto a margin-basedclas-
sificationproblemin (Freundet al. 1998). It is also
relatedto the Markov RandomField methodsfor
parsingsuggestedin (Johnsonet al. 1999),andthe
boostingmethodsfor parsingin (Collins 2000).We
considerthefollowing set-up:� Training datais a set of exampleinput/output
pairs. In taggingwe would have training examples� G � �%� ��� whereeachG � is asentenceandeach� � is the
correctsequenceof tagsfor thatsentence.� We assumesomeway of enumeratinga setof
candidatesfor a particularsentence.We use �K��� to
denotethe � ’ th candidatefor the . ’ th sentencein
training data,and � � G � ��& � � �b" �%� �BJ /�/�/ � to denote
thesetof candidatesfor G�� . In this paper, thetop �
outputsfrom amaximumentropy taggerareusedas
thesetof candidates.� Without lossof generalitywe take �K�9" to bethe
candidatefor G � whichhasthemostcorrecttags,i.e.,
is closestto beingcorrect.3���|� � � > � � is the probability that the basemodel
assignsto �K� > � . Wedefine � � �K� > ����&��B��  ��� �K� > ��� .� Weassumeasetof � additionalfeatures, KE � �I�
for G�& �0/�/�/ � . The featurescould be arbitrary
functionsof the candidates;our hopeis to include
featureswhich help in discriminatinggood candi-
datesfrom badones.� Finally, theparametersof themodelareavector
of � � �

parameters,¡¢& � P #U� P " /�/�/ P¤£ � . The
rankingfunctionis definedas

� � �p�%¡���& P #�� � ���I�
£¥
E�¦p" P E! FE � �I�

This functionassignsareal-valuednumberto acan-
didate � . It will be taken to be a measureof the
plausibility of a candidate,higher scoresmeaning
higherplausibility. As such,it assignsa rankingto
differentcandidatestructuresfor thesamesentence,

3In theevent thatmultiple candidatesget thesame,highest
score,thecandidatewith thehighestvalueof log-likelihood §
underthebaselinemodelis takenas ¨ 5x© _ .

andin particulartheoutputon a trainingor testex-
ample G is ªU«n ¬|ª�®k¯U°4± : E @ � � �z�%¡�� . In this paperwe
takethefeatures KE to befixed,thelearningproblem
beingto chooseagoodsettingfor theparameters¡ .

In some parts of this paper we will use vec-
tor notation. Define ² � �I� to be the vector� � � �I���! �" � �I� /�/�/  £³� ��� � . Then the ranking score
canalsobe written as � � �z�%¡´�N&�¡�µ�² � ��� where¶ µ�· is thedotproductbetweenvectors¶ and · .

4.2 The boostingalgorithm

Thefirst algorithmweconsideris theboostingalgo-
rithm for rankingdescribedin (Collins 2000). The
algorithmis amodificationof themethodin (Freund
et al. 1998). Themethodcanbeconsideredto bea
greedyalgorithmfor finding the parameters¡ that
minimizethelossfunction

�'¸�G�G � ¡´��& ¥ �
¥
��¹KJ ��º

: ¯ 5x© »�> ¼'@ t º : ¯ 5B© _ > ¼'@
whereasbefore, � � �p�%¡��½&¾¡¿µh² � ��� . The theo-
reticalmotivationfor thisalgorithmgoesbackto the
PAC model of learning. Intuitively, it is useful to
notethat this lossfunctionis anupperboundon the
numberof “ranking errors”,a rankingerrorbeinga
casewhereanincorrectcandidategetsahighervalue
for � thanacorrectcandidate.This followsbecause
for all � , � t ¯ �ÁÀFÂ �KÃ , wherewe define ÀFÂ �KÃ to be

�
for �ÅÄ � , and

�
otherwise.Hence

�X¸UG�G � ¡��� ¥ �
¥
��¹KJ ÀFÂÇÆ � > � Ã

where Æ6� > ��&�� � �K� > "��%¡��ÉÈÊ� � �K� > �U�%¡´� . Note that
thenumberof rankingerrorsis 3 � 3 ��¹KJ À�ÂÇÆT� > �lÃ .

As aninitial step,P # is setto beP #Ë&�ªU«n ¬|ÌxÍÎ ¥
�
¥
��¹KJ �

Î :BÏK: ¯ 5B© »�@ t ÏK: ¯ 5B© _ @b@
andall otherparametersP E for GÐ& �0/�/�/ � areset
to bezero. Thealgorithmthenproceedsfor � iter-
ations( � is usuallychosenby crossvalidationon a
developmentset).At eachiteration,a singlefeature
is chosen,and its weight is updated. Supposethe
currentparametervaluesare ¡ , anda singlefeatureÑ

is chosen,its weightbeingupdatedthroughanin-
crementÒ , i.e., PrÓ & PrÓ ��Ò . Thenthe new loss,
afterthisparameterupdate,will be

� � Ñ �!Ò��X& ¥
� > ��¹KJ �

tFÔ 5x© » o�Õ :Ö?�×�: ¯ 5x© »!@ t ?4×�: ¯ 5B© _ @D@



where Æ6� > �Ø&Ù� � �K� > "��%¡���È6� � �F� > ���%¡�� . Theboost-
ing algorithmchoosesthefeature/updatepair

Ñ`Ú �!Ò Ú
which is optimal in terms of minimizing the loss
function,i.e.,� Ñ Ú �!Ò Ú ��&�ªU«n X¬�ÌxÍÓ > Õ � � Ñ �!ÒU� (1)

andthenmakestheupdatePrÓ�Û & PrÓ�Û �ÜÒ Ú .
Figure 2 shows an algorithm which implements

this greedyprocedure. See (Collins 2000) for a
full descriptionof the method,including justifica-
tion that the algorithm doesin fact implementthe
updatein Eq.1 at eachiteration.4 Thealgorithmre-
lieson thefollowing arrays:

� oÓ & � � .n�$���rÝFÂÇ Óh� � � > " �0È6 Ók� � � > � �$Ã�& � �� tÓ & � � .n�$���rÝFÂÇ Óh� �K� > "��0È6 Ók� �F� > ���$Ã�&È � �Þ o� > � & � Ñ ÝFÂÇ Óh� �K� > "��0È6 Ók� �F� > ���$Ã�& � �Þ t� > � & � Ñ ÝFÂÇ Óh� �K� > "��0È6 Ók� �F� > ���$Ã�&È � �
Thus � oÓ is an index from features to cor-
rect/incorrectcandidatepairswherethe

Ñ
’ th feature

takesvalue
�

on the correctcandidate,andvalue
�

on the incorrectcandidate.Thearray � tÓ is a simi-
lar index from featuresto examples.Thearrays

Þ o� > �
and

Þ t� > � arereverseindicesfrom trainingexamples
to features.

4.3 The voted perceptron

Figure 3 shows the training phaseof the percep-
tron algorithm,originally introducedin (Rosenblatt
1958). Thealgorithmmaintainsa parametervector¡ , which is initially set to be all zeros. The algo-
rithm thenmakesapassover thetrainingset,ateach
training examplestoringa parametervector ¡ � for.�& �0/�/�/!O

. The parametervectoris only modified
whena mistake is madeon anexample.In this case
theupdateis very simple,involving addingthedif-
ferenceof the offending examples’representations
( ¡ � &ß¡ �9tI" �à² � �K�9"l�XÈÜ² � �F�Ç��� in thefigure). See
(Cristianini and Shawe-Taylor 2000) chapter2 for
discussionof the perceptronalgorithm,and theory
justifying thismethodfor settingtheparameters.

In themostbasicform of theperceptron,thepa-
rametervalues ¡�á are taken as the final parame-
ter settings,and the output on a new test exam-
ple with �h� for ��& �0/�/�/ � is simply the highest

4Strictly speaking,this is only thecaseif thesmoothingpa-
rameterâ is ã .

Input

� Examples�K� > � with initial scores� � �K� > ���� Arrays � oÓ , � tÓ ,
Þ o� > � and

Þ t� > � asdescribedin
section4.2.� Parametersare numberof roundsof boosting� , asmoothingparameterä .

Initialize

� Set P # &�ªU«n ¬|ÌxÍ Î 3 � > � � Î :ÖÏM: ¯ 5B© »�@ t ÏM: ¯ 5B© _ @D@� Set ¡å& � P #U� � � � � /�/�/ �� For all .n�$� , set Æ6� > �Ë& P #�Â � � �K� > "��0ÈT� � �F� > ���$Ã .� Set æ�& 3 � 3 ��¹KJ � tFÔ 5x© »� For
Ñ & �0/�/�/ � , calculate

– ç oÓ & 3 : � > � @ °Uè ]× � tFÔ 5x© »
– ç tÓ & 3 : � > � @ °Uè j× � tFÔ 5x© »
–
Þ � G����X¸UG�G � Ñ �é&ëêêêê

ì ç oÓ È ì ç tÓ êêêê
Repeat for � = 1 to �
� Choose

Ñ`Ú &�ªU«n X¬|ª�® Ó Þ � G��d�'¸�G�G � Ñ �
� Set Ò Ú & "J �B�� ³í ]× Û o�î^ïí j× Û o�î^ï� Updateoneparameter, PrÓ�Û & PrÓ�Û �ÜÒ Ú� for � .n�$�k�¤ð�� oÓ�Û

– ñß& � tFÔ 5x© » tKÕ Û È � tFÔ 5B© »
– ÆT� > �Ë&�ÆT� > �X�	Ò Ú
– for

Ñ ð Þ o� > � , ç oÓ &�ç oÓ �Üñ
– for

Ñ ð Þ t� > � , ç tÓ &�ç tÓ �Üñ
– æÊ&Ùæò�	ñ� for � .n�$�k�¤ð�� tÓ Û
– ñß& � tFÔ 5x© » o�Õ Û È � tFÔ 5B© »
– ÆT� > �Ë&�ÆT� > �rÈóÒ Ú
– for

Ñ ð Þ o� > � , ç oÓ &�ç oÓ �Üñ
– for

Ñ ð Þ t� > � , ç tÓ &�ç tÓ �Üñ
– æÊ&Ùæò�	ñ� For all features

Ñ
whose values of ç oÓ

and/or ç tÓ have changed, recalculateÞ � G��d�'¸�G�G � Ñ �0& êêêê
ì ç oÓ È ì ç tÓ êêêê

Output Final parametersetting¡
Figure2: Theboostingalgorithm.



Define: � � �p�%¡���&�¡ßµ4² � ��� .
Input: Examples�F� > � with featurevectors² � �K� > �4� .
Initialization: Setparameters¡ # & �
For .0& �0/�/�/!O
�³&àªU«! u¬|ª�® �l¦p"%ôÇôÇô á 5 � � �K�����%¡ �btI" �
If � �õ& � � Then ¡ � &à¡ �btI"

Else ¡ � &à¡ �btI" �Ü² � �K�9"l�0Èó² � �F�Ç���
Output: Parametervectors¡ � for .0& �0/�/�/!O
Figure 3: The perceptrontraining algorithm for
rankingproblems.

Define: � � �p�%¡���&�¡ßµ4² � ��� .
Input: A setof candidates�k� for �³& �0/�/�/ � ,
A sequenceof parametervectors¡ � for .0& �0/�/�/�O
Initialization: Set ö½Â ��Ã�& � for �õ& �0/�/�/ �
( ö½Â �UÃ storesthenumberof votesfor �k� )
For .0& �0/�/�/!O
�³&àªU«! u¬|ª�® Ó ¦p"%ôÇôÇô £ � � � Ó �%¡ � �ö�Â ��Ã�&�öÐÂ �UÃM� �

Output: �h� where�õ&�ªU«n ¬|ª�® Ó öÐÂ Ñ Ã
Figure 4: Applying the voted perceptronto a test
example.

scoringcandidateundertheseparametervalues,i.e.,� Ó where
Ñ &�ªU«n '¬|ª�®���¡ á µ4² � �k��� .

(Freund& Schapire1999)describea refinement
of the perceptron,the votedperceptron.The train-
ing phaseis identicalto thatin figure3. Note,how-
ever, that all parametervectors ¡ � for .Ð& �0/�/�/nO
arestored. Thusthe training phasecanbe thought
of as a way of constructing

O
different parame-

ter settings. Eachof theseparametersettingswill
have its own highestranking candidate,� Ó whereÑ &�ªU«n ¬|ª�® � ¡ � µd² � � � � . Theideabehindthevoted
perceptronis to take eachof the

O
parameterset-

tings to “vote” for a candidate,and the candidate
which gets the most votes is returnedas the most
likely candidate.Seefigure4 for thealgorithm.5

5 Experiments

We appliedthevotedperceptronandboostingalgo-
rithmsto thedatadescribedin section2.3.Only fea-
turesoccurringon 5 or more distinct training sen-
tenceswere included in the model. This resulted

5Note that, for reasonsof explication, the decodingalgo-
rithm we presentis lessefficient thannecessary. For example,
when ÷ 5Mø ÷ 5 j�_ it is preferableto usesomebook-keepingto
avoid recalculationof ùÉvB¨kú;÷ 5 } and û!üþýFÿrû�� » ùÉvB¨ » ú^÷ 5 } .

P R F
Max-Ent 84.4 86.3 85.3
Boosting 87.3(18.6) 87.9(11.6) 87.6(15.6)
Voted 87.3(18.6) 88.6(16.8) 87.9(17.7)
Perceptron

Figure 5: Resultsfor the three tagging methods.1 & precision,
� & recall, � & F-measure.Fig-

uresin paranthesesarerelative improvementsin er-
ror rateover themaximum-entropy model. All fig-
uresarepercentages.

in 93,777distinct features.The two methodswere
trainedon thetrainingportion(41,992sentences)of
thetrainingset.Weusedthedevelopmentsetto pick
thebestvaluesfor tunableparametersin eachalgo-
rithm. For boosting,the main parameterto pick is
thenumberof rounds,� . We ranthealgorithmfor
a total of 300,000rounds,and found that the op-
timal value for F-measureon the developmentset
occurredafter 83,233rounds. For the voted per-
ceptron,the representation² � �I� wastaken to be a
vector

��� � � �����! " � ��� /�/�/  £ � �I� � where
�

is a pa-
rameterthat influencesthe relative contribution of
the log-likelihoodtermversustheotherfeatures.A
value of

� & �h/��
was found to give the best re-

sults on the developmentset. Figure 5 shows the
resultsfor thethreemethodson thetestset.Both of
the rerankingalgorithmsshow significantimprove-
mentsover thebaseline:a 15.6%relative reduction
in error for boosting,anda 17.7%relative error re-
ductionfor thevotedperceptron.

In our experimentswe found the voted percep-
tron algorithmto be considerablymoreefficient in
training,at somecostin computationon testexam-
ples. Anotherattractive propertyof the votedper-
ceptronis thatit canbeusedwith kernels,for exam-
ple thekernelsoverparsetreesdescribedin (Collins
andDuffy 2001;Collins andDuffy 2002). (Collins
andDuffy 2002)describethe votedperceptronap-
plied to thenamed-entitydatain this paper, but us-
ing kernel-basedfeaturesratherthantheexplicit fea-
turesdescribedin this paper. See(Collins 2002)for
additionalwork usingperceptronalgorithmsto train
taggingmodels,anda morethoroughdescriptionof
the theoryunderlyingthe perceptronalgorithmap-
plied to rankingproblems.



6 Discussion

A questionregardingthe approachesin this paper
is whetherthe featureswe have describedcould be
incorporatedin a maximum-entropy tagger, giving
similar improvementsin accuracy. This sectiondis-
cusseswhy this is unlikely to bethecase.Theprob-
lemdescribedhereis closelyrelatedto thelabelbias
problemdescribedin (Lafferty etal. 2001).

One straightforward way to incorporateglobal
featuresinto themaximum-entropy modelwouldbe
to introducenew features � �  -�%�%� which indicated
whetherthe taggingdecision� in thehistory  cre-
atesa particularglobal feature. For example, we
couldintroducea feature

��"��%# � �l�! F�'&
()* )+
�

if t = N andthisdecision
createsanLWLC=1 feature�
otherwise

As anexample,thiswould take thevalue
�

if its was
taggedasN in thefollowing context,

She/N praised/N the/N University/S for/C its/? efforts to c�cdc
becausetaggingits asN in this context wouldcreate
an entity whoselast word wasnot capitalized,i.e.,
University for. Similar featurescouldbecreatedfor
all of theglobalfeaturesintroducedin thispaper.

This examplealso illustrateswhy this approach
is unlikely to improve the performanceof the
maximum-entropy tagger. The parameter,�"��%# as-
sociatedwith this new featurecan only affect the
scorefor a proposedsequenceby modifying �é� ��2  ��
at the point at which � "��%# � �l�! F�õ& �

. In the exam-
ple, this meansthat the LWLC=1 featurecanonly
lower thescorefor thesegmentationby loweringthe
probability of tagging its asN. But its hasalmost
probably

�
of not appearingaspart of an entity, so�é� �Ü2  F� shouldbe almost

�
whether � "��%# is

�
or
�

in this context! Thedecisionwhich effectively cre-
atedtheentityUniversity for wasthedecisionto tag
for asC, andthis hasalreadybeenmade.Theinde-
pendenceassumptionsin maximum-entropy taggers
of this form oftenleadpointsof local ambiguity(in
thisexamplethetagfor theword for) to createglob-
ally implausiblestructureswith unreasonablyhigh
scores. See(Collins 1999)section8.4.2 for a dis-
cussionof thisproblemin thecontext of parsing.
AcknowledgementsMany thanksto JackMinisi for
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