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Abstract

This paper describesalgorithms which

rerank the top N hypothesesfrom a
maximum-entrop tagger the applica-
tion being the recorery of named-entity
boundariesn a corpusof web data. The
first approachusesa boostingalgorithm
for ranking problems. The secondap-
proach usesthe voted perceptronalgo-
rithm. Both algorithms give compara-
ble, significant improvements over the
maximum-entrop baseline. The voted
perceptroralgorithmcanbe considerably
more efficient to train, at some cost in

computatioron testexamples.

1 Intr oduction

Recentwork in statisticalapproacheso parsingand
tagging has begun to considermethodswhich in-

corporateglobal features of candidatestructures.

Examplesof suchtechniquesare Markov Random
Fields(Abney 1997;Della Pietraetal. 1997;John-
sonetal. 1999),andboostingalgorithms(Freundet
al. 1998; Collins 2000; Walker et al. 2001). One
appealof thesemethodsis their flexibility in incor
poratingfeaturesinto a model: essentiallyary fea-
tureswhich might be usefulin discriminatinggood
from badstructurescanbe included. A secondap-
pealof thesemethodss thattheir training criterion
is oftendiscriminative, attemptingo explicitly push
the scoreor probability of the correctstructurefor
eachtrainingsentencebore the scoreof competing
structuresThis discriminatve propertyis sharedy
the methodsof (Johnsoretal. 1999;Collins 2000),
andalsothe ConditionalRandomField methodsof
(Lafferty etal. 2001).

In a previous paper(Collins 2000),a boostingal-
gorithmwas usedto rerankthe outputfrom an ex-

isting statisticalparser giving significantimprove-
mentsin parsingaccurag on Wall StreetJournal
data.Similar boostingalgorithmshave beenapplied
to naturallanguagegenerationwith goodresults,n
(Walker etal. 2001). In this paperwe apply rerank-
ing methodgo named-entityextraction. A state-of-
the-art(maximum-entrop) taggeris usedto gener
ate 20 possibleseggmentationsfor eachinput sen-
tence,alongwith their probabilities. We describe
anumberof additionalglobalfeaturesof thesecan-
didatesegmentations.Theseadditionalfeaturesare
usedas evidencein rerankingthe hypotheseg$rom
the max-enttagger We describewo learningalgo-
rithms: theboostingmethodof (Collins 2000),anda
variantof thevotedperceptroralgorithm,whichwas
initially describedn (Freund& Schapirel999).We
appliedthe methodgo a corpusof over onemillion
wordsof taggedwebdata. The methodgive signif-
icantimprovementsover the maximum-entrop tag-
ger(al7.7%relative reductionin errorratefor the
votedperceptronanda 15.6%relative improvement
for the boostingmethod).

Onecontrikution of this paperis to shav thatex-
isting rerankingmethodsare useful for a nev do-
main, named-entitytagging, and to suggestglobal
featureswhich give improvementson this task. We
should stressthat anothercontritution is to shav
that a new algorithm, the voted perceptron,gives
very credibleresultson a naturallanguageask. It is
anextremelysimplealgorithmto implement,andis
very fastto train (the testingphases slower, but by
no meanssluggish).lt shouldbeaviablealternatve
to methodssuchastheboostingor Markov Random
Field algorithmsdescribedn previouswork.

2 Background

2.1 Thedata

Over a periodof ayearor sowe have hadover one
million wordsof named-entitydataannotated.The



datais drawvn from webpagestheaim beingto sup-
port a question-answeringystemover web data. A

numberof catgjoriesare annotated:the usualpeo-
ple, organizationandlocationcateyories,aswell as
lessfrequentcateyoriessuchasbrand-namesscien-
tific terms,eventtitles (suchasconcertsiandsoon.
From this datawe createda training set of 53,609
sentencegl,047,49words),andatestsetof 14,717
sentencef291,898words).

The taskwe consideris to recover named-entity
boundariesWe leave therecovery of the catgories
of entitiesto a separatestageof processing. We
evaluatedifferentmethodson the taskthroughpre-
cisionandrecall. If amethodpropose® entitieson
thetestset,andc of thesearecorrect(i.e.,anentityis
marked by theannotatowith exactly the samespan
asthat proposedthenthe precisionof a methodis
100% * ¢/p. Similarly, if g is thetotalnumberof en-
tities in the humanannotatedrersionof the testset,
thentherecallis 100% * c¢/g.

2.2 The baselinetagger

The problemcan be framedas a taggingtask— to
tag eachword asbeingeitherthe startof an entity,
a continuationof an entity, or not to be part of an
entity atall (we will usethetagsS, CandN respec-
tively for thesethreecases). As a baselinemodel
we useda maximumentropy tagger very similar to
theonesdescribedn (Ratnaparkhil996;Borthwick
et. al 1998; McCallumetal. 2000). Max-enttag-
gershave beenshavn to be highly competitve ona
numberof taggingtasks suchaspart-of-speectag-
ging (Ratnaparkhil996), named-entityrecognition
(Borthwick et. al 1998),andinformationextraction
tasks(McCallumetal. 2000). Thusthe maximum-
entroy taggemwe usedrepresents serioushaseline
for the task. We usedthe following features(sev-
eral of the featureswere inspiredby the approach
of (Bikel et. al 1999),anHMM modelwhich gives
excellentresultson namedentity extraction):

e Theword beingtaggedthe previousword, and
the next word.

¢ Theprevioustag,andthe previoustwo tags(bi-
gramandtrigramfeatures).

In initial experimentswe found thatforcing the taggerto
recover catgyoriesaswell asthesegmentationby explodingthe
numberof tags,reducedperformancenthe segmentatiortask,
presumablydueto sparsealataproblems.

e A compoundfeatureof threefields: (a) Is the
word at the startof a sentence?(b) doesthe word
occurin alist of wordswhich occurmorefrequently
aslower caseratherthanuppercasewordsin alarge
corpusof text? (c) the type of the first letter = of
the word, wheretype(z) is definedas‘A’ if z is a
capitalizedletter, ‘a’ if z is a lowercaseletter, ‘0’
if z is adigit, andz otherwise.For example,if the
word Animal is seenat the startof a sentenceand
it occursin the list of frequentlowercasedwords,
thenit would be mappedo thefeaturel- 1- A.

e The word with eachcharactermappedto its
type. For example, G.M. would be mappedto
A. A. , andAnimal would bemappedo Aaaaaa.

e The word with eachcharactermappedto its
type, but repeatedconsecutie charactertypesare
notrepeatedn the mappedstring. For example An-
imal would be mappedo Aa, G.M. would againbe
mappedo A. A. .

The taggerwas appliedandtrainedin the same
way asdescribedn (Ratnaparkhi996). Thefeature
templatesiescribedabore areusedto createa setof
m binaryfeaturesf;(¢, h), wheret is thetag,andh
is the“history”, or context. An exampleis

1 if t=Sandthe
word beingtagged= “Mr.”
0 otherwise

froo(t, h) =

Theparametersf themodelareq; fori = 1...m,
defining a conditional distribution over the tags
givenahistoryh as

621' (71 fl (tvh)

P(tlh) = —
Et’ ezi azfz(t ’h')

The parameterare trainedusing Generalizedter-

ative Scaling. Following (Ratnaparkhil996), we

only include featureswhich occur5 timesor more
in trainingdata.In decodingwe usea beamsearch
to recover 20 candidatdag sequencefor eachsen-
tence (the sentencdas decodedfrom left to right,

with the top 20 most probable hypothesesheing
storedat eachpoint).

2.3 Applying the baselinetagger

As abaselinewe traineda modelon the full 53,609
sentence®f training data,and decodedhe 14,717
sentencesf testdata. This gave 20 candidateper



test sentencealong with their probabilities. The
baselinemethodis to take the mostprobablecandi-
datefor eachtestdatasentenceandthento calculate
precisionandrecall figures. Our aimis to comeup
with stratgjiesfor rerankingthetestdatacandidates,
in suchaway thatprecisionandrecallis improved.

In developing a reranking stratgy, the 53,609
sentence®f training datawere split into a 41,992
sentencérainingportion,anda11,617sentencele-
velopmentset. The training portion was split into
5 sections,andin eachcasethe maximum-entrop
taggerwastrainedon 4/5 of the data,thenusedto
decodethe remaining1/5. The top 20 hypotheses
undera beamsearch togetherwith their log prob-
abilities, wererecoveredfor eachtraining sentence.
In asimilar way, amodeltrainedonthe41,992sen-
tencesetwasusedo produce20hypothesefor each
sentencén thedevelopmentset.

3 Global features

3.1 The global-feature generator

The module we describein this sectiongenerates
globalfeaturesor eachcandidatedaggedsequence.
As input it takesa sentencealongwith a proposed
segmentation(i.e., an assignmenbf a tag for each
word in the sentence) As output,it producesa set
of featurestrings. We will usethe following tagged
sentencesarunningexamplein this section:

Whether/N you/N /N reMN an/N aging/N flower/N child/N
or/N a/N cluelessN Gen/S Xer/C ,/N “/N The/S Day/C
They/C Shot/C John/C Lennon/C,/N"/ N playing/N at/Nthe/N
Dougherty/S Arts/C Center/C ,/N entertains/N the/N imagi-
nation/N./N

An examplefeaturetypeis simply to list the full
stringsof entitiesthatappeaiin thetaggednput. In
this example,this would give thethreefeatures

WE=Cen _Xer
WE=The_Day _They_Shot _John_Lennon
WE=Dougherty_Arts_Center

Here VIEE standsfor “whole entity”. Throughout
thissectionwewill write thefeaturesn thisformat.
The startof the featurestring indicatesthe feature
type (in this caseViE), followed by =. Following the
type, therearegenerallyl or morewordsor other
symbolswhichwe will separatavith thesymbol_.

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

generatgr 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 respectrely. Conceptually
the candidatez is representedy a large number
of featureshs(z) for s = 1...m wherem is the
numberof distinct featurestringsin training data.
In this example,only h1go(z), haso(z) andhsgy(z)
take thevaluel, all otherfeaturesbeingzero.

3.2 Featuretemplates

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

o t; for i
sequence.

1...n isthes'th tagin the tagged

o w; fori=1...nisthei'thword.

e [;fori=1...nis1 if w; beginswith alower
casdetter, 0 otherwise.

o f; fori 1...n is a transformationof w;,
wherethetransformations appliedin thesame
way asthe final featuretype in the maximum
entrofy tagger Eachcharacteiin the word is
mappedto its type, but repeatedconsecutie
charactetypesarenot repeatedn the mapped
string. For example,Animal would be mapped
to Aa in this feature, G.M. would again be
mappedo A. A. .

e g; for g 1...n is the sameas f;, but has
an additional flag appended. The flag indi-
cateswhetheror notthe word appearsn a dic-
tionary of words which appearedmore often
lower-casedthan capitalizedin a large corpus
of text. In our example,Animal appearsn the
lexicon, but G.M. doesnot, so the two values
for g; wouldbeAal andA. A. O respecitrely.

In addition, ¢;, w;, f; andg; areall definedto be
NULL if : < 10ri > n.

Most of thefeatureswve describeareanchoredn
entity boundariesn the candidatesggmentation\We
will use“featuretemplatesto describehe features
thatwe used.As anexample,supposdhatan entity



Description

FeatureTemplate

Thewholeentity string

WE=ws_w(s41)-. .. We

The f; featureswithin the entity

FF=fs fs+1)--- - -fe

Theg; featureswithin the entity

GFzgs_g(s+1)_. .. -Ge

Thelastwordin the entity LW=w,

Indicateswhetherthelastword is lower-cased LWLC=l,

Bigramboundaryfeaturesof thewordsbefore/aftethestart | BOOO=w ,_1)-ws BOO1=w(;_1)-gs BO10=g(,_1)-ws
of theentity BO1l=g(s—1)-9s

Bigram boundaryfeaturesof the wordsbefore/afteithe end
of theentity

BEOO=w. “W(e41)
BE11%ge g(e41)

BEOlque_g(e_H) BE10=ge_w(e+1)

Trigramboundaryfeatureof thewordsbefore/aftethestart
of theentity (16 featuregotal, only 4 shawvn)

TOOOOZ’U)(S_Q)_’U)(S_U_’U)S . TOlll@(s_Q)_g(s_l)_gs
TOZOOO:w(S_l)_wS_w(S+1) A TOlel?(s—l)—gs—g(s+1)

Trigramboundaryfeaturesof the wordsbefore/aftethe end
of theentity (16 featuregotal, only 4 shavn)

TEOOO=w (e—1)-We -W(e41) TE1119c—1)-Ge-G(e+1)
TE2000=w(e,2) We—1)-We - .- TE2111@(572) -G(e—1)-Fe

Prefixfeatures

PF=f; PF2gs PF=fs_f(s+1) PF2795_g(s+1)
. PF:fs_f(s.H)_ - _fe PF2:gs-g(s+1)—- -+ -Ge

Sufiix features

SF=f. SF2=ge SF=fe_f(e—1) SF2ge_g(e—1)
- SF:fe—f(e—l) ..... fs SFZ:ge_g(e_l) ..... Js

Figurel: Thefull setof entity-anchoredeaturetemplatesOneof thesefeatureds generatedior eachentity
seenin acandidateWe take the entity to spanwordss . . . e inclusive in thecandidate.

is seenfrom words s to e inclusive in a sggmenta-
tion. Thenthe VI featuredescribedn the previous
sectioncanbe generatedby thetemplate

VWE=wg weqq-... We

Applying this templateto the three entitiesin the
runningexamplegenerateshe threefeaturestrings
describedn the previous section.As anotherexam-
ple,considethetemplateFF=f;_fs11-... _fe. This
will generate featurestringfor eachof the entities
in a candidate this time usingthe valuesf;. .. f.
ratherthanws; . . . w.. Forthefull setof featuretem-
platesthatareanchoredroundentities,seefigure 1.
A secondset of featuretemplatesis anchored
aroundquotationmarks.In our corpus entities(typ-
ically with long names)are often seensurrounded
by guotes.For example,“The Day They ShotJohn
Lennon”,thenameof aband,appearsn therunning
example.Defines to betheindex of arny doublequo-
tationmarksin thecandidatee to betheindex of the
next (matching)doublequotationmarksif they ap-
pearin the candidate.Additionally, definee2 to be
the index of the last word beginning with a lower
casedetter uppercasdetter, or digit within the quo-
tationmarks.Thefirst setof featuretemplategracks
thevaluesof g; for thewordswithin quotes?

Q=gs-ts-g(s+1)L(s+1)--- - -Ge-te
Q27g(s—1)t(s—1)-Gsts-- - - -Y(et1)E(er1)

2We only includedthesefeaturesf (e — s) < 7, to prevent
anexplosionin thelengthof featurestrings.

The next set of featuretemplatesare sensitve
to whetherthe entire sequencebetweenquotesis
taggedas a namedentity. Define F2 to be 1 if
ts+1 =S,andt;=Cfori =s+2...e2 (i.e.,F2=1
if thesequencef wordswithin thequotess tagged
asa singleentity). Also defineU to bethe number
of uppercasedwvordswithin the quotes,L to bethe
numberof lowercasewords,andF tobel if U > L,
0 otherwise.Thentwo othertemplatesare:

QF=F2.U_L_g(511)-ge2

QF2=F2_F_g(5,1)-e2
In the “The Day They ShotJohnLennon” example
we would have F2 = 1 providedthatthe entirese-
guencewithin quoteswastaggedasan entity. Ad-
ditionally, U = 7, L = 0, andF = 1. Theval-
uesfor g(,4.1) andgez wouldbe Aal andAa0 (these
featuresarederivedfrom The andLennon, whichre-
spectvely do anddont appeatin the capitalization
lexicon). This would give Q=1_7_0_Aal_Aa0 and
QF2=1_1_Aal_AaO.

At this point, we have fully describedhe repre-
sentationusedasinput to the rerankingalgorithms.
The maximum-entrop tagger gives 20 proposed
sgmentationgor eachinput sentence.Each can-
didatez is representedby the log probability L(x)
from the tagger aswell asthe valuesof the global
featureshs(z) for s 1...m. In the next sec-
tion we describealgorithmswhich blendthesetwo
sourcesof information, the aim being to improve
upona stratgy which just takesthe candidaterom



thetaggerwith the highestscorefor L(z).

4 Ranking Algorithms

4.1 Notation

This sectionintroducesnotationfor the reranking
task. The framework is derived by the transforma-
tion from rankingproblemsto a magin-basectlas-
sificationproblemin (Freundetal. 1998).1t is also
relatedto the Markov RandomField methodsfor

parsingsuggestedn (Johnsoretal. 1999),andthe
boostingmethoddor parsingin (Collins 2000). We

considerthe following set-up:

e Training datais a setof exampleinput/output
pairs. In taggingwe would have training examples
{si,t;} whereeachs; is asentenc@ndeacht; is the
correctsequencef tagsfor thatsentence.

¢ We assumesomeway of enumeratinga setof
candidatedor a particularsentence We usez;; to
denotethe j'th candidatefor the i'th sentencen
training data,andC(s;) = {z1,zs2 ...} to denote
the setof candidategor s;. In this papeythetop N
outputsfrom a maximumentropy taggerareusedas
thesetof candidates.

¢ Without lossof generalitywe take ;1 to bethe
candidatdor s; which hasthemostcorrecttags,i.e.,
is closestto beingcorrect’

e Q(z; ;) is the probability that the basemodel
assign&o Zij- We defineL(mi,j) = log Q(l‘l,])

e We assumesetof m additionalfeaturesh(x)
for s = 1...m. The featurescould be arbitrary
functionsof the candidatespur hopeis to include
featureswhich help in discriminatinggood candi-
datesfrom badones.

o Finally, theparametersf themodelareavector
of m + 1 parametersw = {wg, w1 ...wp}. The
rankingfunctionis definedas

+Zws

Thisfunctionassignsareal-valuednumberto a can-
didatez. It will be taken to be a measureof the
plausibility of a candidate higher scoresmeaning
higherplausibility As such,it assignsa rankingto

F(z,w) =woL(z

differentcandidatestructuredor the samesentence,

3In the eventthat multiple candidategjet the same highest
score,the candidatewith the highestvalue of log-likelihood L
underthebaselinemodelis takenasz; 1 .

andin particularthe outputon a training or testex-
amples is arg max,ec(s) F(z, w). In this paperwe
take thefeaturesh to befixed,thelearningproblem
beingto choosea goodsettingfor the parametersv.

In some parts of this paperwe will use vec-
tor notation. Define h(z) to be the vector
{L(z),h1(z) ... hy(z)}. Thenthe ranking score
canalsobe written as F(z,w) = w - h(z) where
x - y is thedot productbetweenvectorsx andy.

4.2 The boostingalgorithm

Thefirst algorithmwe considelis the boostingalgo-
rithm for rankingdescribedn (Collins 2000). The
algorithmis amaodificationof themethodin (Freund
etal. 1998). The methodcanbe consideredo bea
greedyalgorithmfor finding the parameterswv that
minimizethelossfunction

DRI

i j>2

Loss(w F(zi,1,w)

whereasbefore, F(z,w) = w - h(z). Thetheo-
reticalmotivationfor this algorithmgoesbackto the
PAC modelof learning. Intuitively, it is usefulto
notethatthis lossfunctionis anupperboundonthe
numberof “ranking errors”,a rankingerrorbeinga
casewvhereanincorrectcandidatgyetsahighervalue
for F' thanacorrectcandidate Thisfollows because
for all z, e=* > I[z], wherewe definel|[z] to bel
for z < 0, and0 otherwise Hence
) > >0 I[M,
i j>2

whereM; ; = F(z;1,w) — F(z;j,w). Notethat
thenumberof rankingerrorsis 3, 3~ I[M; j].

As aninitial step,wg is setto be

woy = argmmZZe

T j>2

Loss(w

L(zi,1))

SE@]

andall otherparametersuv, for s = 1...m areset
to be zero. Thealgorithmthenproceeddor N iter-

ations(V is usuallychoserby crossvalidationon a
developmentset). At eachiteration,a singlefeature
is chosen,andits weight is updated. Supposehe
currentparametevaluesarew, anda singlefeature
k is chosenjts weightbeingupdatedhroughanin-

crementd, i.e., wy = wy + 6. Thenthenew loss,
afterthis parameteupdatewill be

L(k,6) = Y e Mui+othu(ois)=hu(@i1))
i,j>2



whereM; ; = F(z;1,w) — F(z;;,w). Theboost-
ing algorithmchooseshefeature/updateair &*, 6*
which is optimal in terms of minimizing the loss
function,i.e.,

(k*,8") = arg IiliﬁnL(k}, J) 1)
andthenmakestheupdatewys = wg+« + §*.

Figure 2 shavs an algorithmwhich implements
this greedy procedure. See(Collins 2000) for a
full descriptionof the method,including justifica-
tion that the algorithm doesin fact implementthe
updatein Eq. 1 ateachiteration* Thealgorithmre-
liesonthefollowing arrays:

Af = {9) : (i) — helzig)] = 1}
Ay = {67)  (min) — hi(zi)] = -1}
By = {k:[hi(zin) — he(zij)] = 1}

B,; = {k:[he(zi1) — helzig)] = -1}

Thus A is an index from featuresto cor
rect/incorrectandidatgpairswherethe k’th feature
takesvalue 1 on the correctcandidateandvalue0
ontheincorrectcandidate. Thearray A, is a simi-
lar index from featuredo examples.The arraysB+
andB, ; arereverseindicesfrom trammgexamples
to features

4.3 The voted perceptron

Figure 3 shaws the training phaseof the percep-
tron algorithm, originally introducedin (Rosenblatt
1958). The algorithmmaintainsa parametewvector
w, which is initially setto be all zeros. The algo-
rithm thenmakesa passoverthetrainingset,ateach
training examplestoring a parametevector w® for
1 = 1...n. The parametervectoris only modified
whena mistale is madeon anexample.In this case
the updateis very simple,involving addingthe dif-

ferenceof the offending examples’representations

(w* = w' ! + h(z;1) — h(zy;) in thefigure). See
(Cristianini and Shave-Taylor 2000) chapter2 for
discussionof the perceptronalgorithm, and theory
justifying this methodfor settingthe parameters.

In the mostbasicform of the perceptronthe pa-
rametervaluesw™ are taken as the final parame-
ter settings,and the output on a new test exam-
ple with z; for j = 1...m is simply the highest

4Strictly speakingthis is only the caseif the smoothingpa-
rametere is 0.

Input

e Examplese; ; with initial scoresL(z; ;)
o Arrays A, Ay, B;; and B;; asdescribedn
section4.2.

e Parametersare numberof roundsof boosting
N, asmoothingparametet.

Initialize

Setwy = arg miny, ¥, ; eW(L(@i,j)—L(zi,1))
Setw = {w,0,0,...}

For all %7, setMm- = Wy [L(.’Ifz',l)
SetZ =3, ZJ'Z? e~ My

Fork =1...m, calculate

+ _ M
- W =2 Jear €

- Wy = Z( )eA; €
W Ve

— L(z;,)].

— BestLoss(k

Repeatfort=1to N

e Choose:* = arg maxy, BestLoss(k)

+
¥ 1 Wk*-i-EZ
e Seté* = 5 log Wtz

Updateoneparameterwy = wyx + 6*
for (i, 7) € A

_A—e z] 6*_6_Mi,j
- M;; = M, ;+6*
forkeB:rJ, wWh=w/+A
—forkeB,;, W, =W, +A
-Z=7Z+A

o for (i,j) € A,.
— A= Mijt0" _ oM
_MJ 5.7_5*
—forke B, W/ =w/+A
—forkeB;;, W, =W, +A
-Z=Z+A

e For all features k whose values of W,
and/or W, hae changed, recalculate

BestLoss(k) = |\/W,| —

Output Final parametesettingw

Figure2: Theboostingalgorithm.



Define: F(z,w) = w - h(z).
Input: Examplese; ; with featurevectorsh(z; ;).
Initialization: Setparametersv® = 0
Fori=1...n

j = argmax;_y_, F(zij, w'™")

If (j =1) Thenw' = w'~!

Else w! = wi"l + h(le) — h(:c”)

Output: Parametevectorsw’ fori =1...n

Figure 3: The perceptrontraining algorithm for
rankingproblems.

Define: F(z,w) = w - h(z).
Input: A setof candidateg;; for j = 1...m,
A sequencef parametexectorsw’ fori = 1...n
Initialization: SetV[j]=0forj=1...m
(V4] storesthe numberof votesfor z;)
For:i=1...n
j = argmaxy_;_, F(zg, w')
Viil=Vli+1
Output: z; wherej = arg maxy, V [k]

Figure 4: Applying the voted perceptronto a test
example.

scoringcandidataundertheseparameteralues,.e.,
z, Wherek = arg max; w” - h(z;).

(Freund& Schapirel999)describea refinement
of the perceptronthe voted perceptron.The train-
ing phaséds identicalto thatin figure 3. Note, how-
ever, thatall parametevectorsw’ fori = 1...n
are stored. Thusthe training phasecan be thought
of as a way of constructingn different parame-
ter settings. Eachof theseparameteisettingswill
have its own highestranking candidate,z; where
k = arg max; w’-h(z;). Theideabehindthevoted
perceptronis to take eachof the n parameterset-
tings to “vote” for a candidate,and the candidate
which getsthe mostvotesis returnedas the most
likely candidate Seefigure 4 for the algorithm?

5 Experiments

We appliedthe votedperceptrorandboostingalgo-
rithmsto thedatadescribedn section2.3. Only fea-
turesoccurringon 5 or more distinct training sen-
tenceswere includedin the model. This resulted

SNote that, for reasonsof explication, the decodingalgo-
rithm we presents lessefficient thannecessaryFor example,

whenw' = w'~! it is preferableto usesomebook-keepingto
avoid recalculatiorof F'(z, w*) andarg max; F(z;, w").

| [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.
P = precision,R = recall, F = F-measure.Fig-

uresin paranthesearerelative improvementsn er-

ror rate over the maximum-entrop model. All fig-

uresarepercentages.

in 93,777distinctfeatures. The two methodswere
trainedonthetrainingportion(41,992sentences)f

thetrainingset.We usedthedevelopmentetto pick

the bestvaluesfor tunableparameterin eachalgo-
rithm. For boosting,the main parameteto pick is

the numberof rounds,N. We ranthe algorithmfor

a total of 300,000rounds,and found that the op-
timal value for F-measureon the developmentset
occurredafter 83,233 rounds. For the voted per

ceptron,the representatioth(z) wastakento be a
vector {SL(x),hi(z)... hm(z)} whereps is a pa-
rameterthat influencesthe relative contritution of

thelog-likelihoodterm versusthe otherfeatures.A

value of 8 = 0.5 wasfoundto give the bestre-
sults on the developmentset. Figure 5 shaws the
resultsfor thethreemethod=n thetestset. Both of

the rerankingalgorithmsshaw significantimprove-
mentsover the baseline:a 15.6%relative reduction
in errorfor boosting,anda 17.7%relative errorre-
ductionfor the votedperceptron.

In our experimentswe found the voted percep-
tron algorithmto be considerablymore efficient in
training, at somecostin computationon testexam-
ples. Anotherattractive propertyof the voted per
ceptronis thatit canbeusedwith kernelsfor exam-
plethekernelsover parsereesdescribedn (Collins
andDuffy 2001; Collins andDuffy 2002). (Collins
and Duffy 2002) describethe voted perceptrorap-
plied to the named-entitydatain this papey but us-
ing kernel-basefeaturesatherthantheexplicit fea-
turesdescribedn this paper See(Collins 2002)for
additionalwork usingperceptroralgorithmsto train
taggingmodels,anda morethoroughdescriptionof
the theoryunderlyingthe perceptroralgorithm ap-
pliedto rankingproblems.



6 Discussion

A questionregardingthe approachesn this paper
is whetherthe featureswe have describeccould be
incorporatedn a maximum-entrop tagger giving
similarimprovementsn accurag. This sectiondis-
cussesvhy thisis unlikely to bethecase.The prob-
lemdescribedhereis closelyrelatedto thelabelbias
problemdescribedn (Lafferty etal. 2001).

One straightforvard way to incorporateglobal
featuredgnto the maximum-entrop modelwould be
to introducenew featuresf(h,t) which indicated
whetherthe taggingdecisiont in the history h cre-
atesa particularglobal feature. For example, we
couldintroduceafeature

1 if t=Nandthisdecision
createsan LWLC=1 feature
0 otherwise

froo(t, h) =

As anexample thiswould take thevaluel if itswas
taggedasN in thefollowing context,

SheN praised/N the/N University/S for/Cits/? efforts to . ..

becausgaggingits asNin this context would create
an entity whoselast word was not capitalized,i.e.,
University for. Similar featurescould be createdor
all of theglobalfeaturedntroducedn this paper
This examplealso illustrateswhy this approach
is unlikely to improve the performanceof the
maximum-entrop tagger The parameterxigg as-
sociatedwith this new featurecan only affect the
scorefor a proposedsequencédy modifying p(t|h)
at the point at which fi99(¢,h) = 1. In the exam-
ple, this meansthat the LWLC=1 featurecanonly
lowerthescorefor thesggmentatiorby loweringthe
probability of taggingits as N. But its hasalmost
probably1 of not appearingaspartof an entity, so
p(N|h) shouldbe almost1 whether fig9 is 1 or 0
in this contet! The decisionwhich effectively cre-
atedtheentity University for wasthedecisionto tag
for asC, andthis hasalreadybeenmade.Theinde-
pendencassumptionin maximum-entrop taggers
of this form oftenleadpointsof local ambiguity (in
this examplethetagfor theword for) to createglob-
ally implausiblestructureswith unreasonablyigh
scores. See(Collins 1999) section8.4.2for a dis-
cussionof this problemin the contet of parsing.
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