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1 Intr oduction

The namedentity recognition(NER) taskinvolvesiden-
tifying nounphraseghatarenamesandassigningaclass
to eachname. This taskhasits origin from the Message
Understandingconference$MUC) in the1990s a series
of conferencesimedat evaluating systemsthat extract
informationfrom naturallanguagetexts. It becameevi-
dentthatin orderto achieze good performancen infor-
mationextraction,a systemneeddo beableto recognize
namesA separatsubtasion NER wascreatedn MUC-
6 andMUC-7 (Chinchor 1998).

Much researcthassincebeencarriedouton NER, us-
ing both knowledge engineeringand machinelearning
approachesAt thelastCoNLL in 2002,acommonNER
task was usedto evaluatecompetingNER systems. In
this years CoNLL, the NER taskis to tag nounphrases
with the following four classesperson(PER),organiza-
tion (ORG),location(LOC), andmiscellaneougMISC).

This paperpresentsa maximumentropy approacho
the NER task, where NER not only madeuse of local
context within a sentencebut alsomadeuseof otheroc-
currence®f eachword within the samedocumento ex-
tract useful features(global features). Suchglobal fea-
turesenhancehe performanceof NER (Chieuand Ng,
2002b).

2 A Maximum Entropy Approach

Themaximumentropy framewvork estimategprobabilities
basedon the principle of makingasfew assumptiongs
possible otherthanthe constraintdmposed. Suchcon-
straintsare derived from training data, expressingsome
relationshipbetweenfeaturesand outcome. The proba-
bility distribution that satisfiesthe above propertyis the
onewith thehighestentroyy. It is unique,agreeswith the
maximum-likelihood distribution, and hasthe exponen-
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tial form (Della Pietraetal., 1997):

k
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whereo refersto the outcome h the history (or context),
andZ(h) is a normalizationfunction. Thefeaturesused
in the maximumentropy framawork arebinary. An ex-
ampleof afeaturefunctionis

1 if o=o0rg-B,word=PETER
0 otherwise

fi(h,0) = {

Theparameters; areestimatedy aprocedurecalled
Generalizediterative Scaling (GIS) (Darrochand Rat-
cliff, 1972). This is aniterative procedurehatimproves
the estimationof the parameterat eachiteration.

The maximum entropy classifieris usedto classify
eachword as one of the following: the beginning of a
NE (B tag), a word inside a NE (C tag), the last word
of a NE (L tag), or the uniqueword in a NE (U tag).
Duringtesting,it is possiblethatthe classifierproduces
sequencef inadmissibleclasseqe.g., PER-Bfollowed
by LOC-L). To eliminate such sequenceswe define a
transition probability betweenword classesP(c;|c;)
to be equalto 1 if the sequencds admissible,and 0
otherwise. The probability of the classescy,...,c,
assignedo thewordsin asentence in adocumentD is
definedasfollows:

P(cl7 s 7Cn|SJD) = H P(ci|S7D) * P(Cilci—l)a
i=1
whereP(c;|s, D) is determinedy themaximumentropy
classifier The Viterbi algorithmis thenusedto selectthe
sequencef word classeswvith the highestprobability.

3 Feature Representation

We presenttwo systems:a systemME1 that doesnot
malke useof ary externalknowledgebaseotherthanthe



training data,and a systemMEZ2 that makes use of ad-
ditional featuresderived from namelists. MEL1 is used
for both EnglishandGerman.For German however, for

featureghatmadeuseof theword string,thelemma(pro-

videdin theGermartrainingandtestdata)is usedinstead
of theactualword.

3.1 Lists derivedfromtraining data

Thetrainingdatais first preprocessetb compilea num-
ber of lists thatare usedby both ME1 andME2. These
lists arederivedautomaticallyfrom thetrainingdata.

Frequent Word List (FWL) This list consistsof
wordsthatoccurin morethan5 differentdocuments.

Useful Unigrams (UNI) For eachnameclass,words
that precedethe nameclassare ranked usingcorrelation
metric (Chieuand Ng, 2002a),andthe top 20 arecom-
piledinto alist.

Useful Bigrams (UBI) Thislist consistof bigramsof
wordsthat precedea nameclass. Examplesare “CITY
OF”", “ARRIVES IN”, etc.Thelist is compiledby taking
bigramswith higherprobability to appeatbeforea name
classthanthe unigramitself (e.g.,“CITY OF” hashigher
probabilityto appeambeforealocationthan“OF”). A list
is collectedfor eachnameclass. We have attemptedo
usebigramshatappearfteranameclass put for English
atleast,we have beenunableto compileary suchmean-
ingful bigrams.A possibleexplanationis thatin writing,
peopletendto explain with bigramssuchas“CITY OF”
beforementioningthe nameitself.

UsefulWord Suffixes(SUF) For eachwordin aname
class, three-lettersuffixes with high correlation metric
scoreare collected. This is especiallyimportantfor the
MISC classwheresuffixessuchas“lAN” and“ISH” of-
tenappear

Useful Name Class Suffixes (NCS) A suffix list is
compiledfor eachnameclass.Thesédlists capturetokens
thatfrequentlyterminatea particularnameclass.For ex-
ample,the ORG classoftenterminateswith tokenssuch
asINC andCOMMITTEE, andthe MISC classoftenter-
minateswith CUR, OPEN,etc.

Function Words (FUN) Lower casewordsthatoccur

within anameclass.Thesenclude“vander”, “of ", etc.

3.2 Local Features

The basicfeaturesusedby both ME1 and ME2 can be
dividedinto two classeslocal andglobal (ChieuandNg,
2002b). Local featuresof a token w arethosethat are
derivedfrom the sentenceontainingw. Globalfeatures
arederived by looking up otheroccurrencesf w within
thesamedocument.

In this paperw_; refersto theith word beforew, and
wy; refersto theith word afterw. Thefeaturesusedare
similar to thoseusedin (Chieuand Ng, 2002b). Local
featuresnclude:

First Word, Case,and Zone For English,eachdoc-
umentis segmentedby simplerulesinto 4 zones:head-
line (HL), author(AU), dateling(DL), andtext (TXT). To
identify the zones,a DL sentencés first identifiedusing
a regular expression. The systemthenlooks for an AU
sentencéhatoccursbeforeDL usinganothemregularex-
pression.All sentencestherthanAU that occurbefore
theDL sentencarethentakento bein theHL zone.Sen-
tencesafterthe DL sentencaretakento bein the TXT
zone.If noDL sentenceanbefoundin adocumentthen
thefirst sentencef thedocuments takenasHL, andthe
restasTXT. For Germanthefirst sentencef eachdocu-
mentis takenasHL, andtherestasTXT. Zoneis usedas
partof thefollowing features:

If w startswith a capitalletter(i.e., initCaps),andit is
thefirst word of a sentencea feature(firstwod-initCaps,
zone)is setto 1. If it is initCapsbut not the first word, a
feature(initCaps, zone)is setto 1. If it is the first word
but notinitCaps,(firstwod-notinitCapszone)is setto 1.
If it is madeup of all capitalletters,then(allCaps,zone)
is setto 1. If it startswith alower casdetter, andcontains
bothupperandlower casdetters,then(mixedCapszone)
is setto 1. A tokenthatis allCapswill alsobeinitCaps

Caseand Zone of wyq and w_1 Similarly, if wyq
(orw_1) isinitCaps,afeature(initCaps,zone\gxr (or
(initCaps,zoneyprgy) is setto 1, etc.

CaseSequenceSupposéothw_; andw4, areinit-
Caps.Thenif w is initCaps,afeaturel is setto 1, elsea
featureNT is setto 1.

Token Information Thesefeaturesare basedon the
stringw, suchascontains-digitscontains-dollassign,etc
(ChieuandNg, 2002b).

Lexicon Feature The string of w is usedasa feature.
This group containsa large numberof features(onefor
eachtokenstringpresenin thetrainingdata).

Lexicon Feature of Previous and Next Token The
string of the previoustokenw_; andthenext tokenw_;
is usedwith theinitCapsinformationof w. If w hasinit-
Caps.thenafeature(initCaps,wy1) nex is setto 1. If
w is notinitCaps,then(not-initCapsw.1) nex IS setto
1. Samefor w_q.

Hyphenated Words Hyphenatedvordsw of theform
s1-s2 have afeatureU-U setto 1 if boths1 ands2 are
initCaps. If sl is initCapshbut not s2, thenthe features
U=s1, L=s2, andU-L aresetto 1. If s2 is initCapshut
nots1, thenthefeatures/=s2, L=s1, andL-U aresetto
1.

Within Quotes/Brackets Sequencesf tokenswithin
guotesor bracletshave a featureto indicatethatthey are
within quotes. We found this featureuseful for MISC
class,where namessuchas movie namesoften appear
within quotes.

RareWords If w is notfoundin FWL, thenthisfeature
is setto 1.



Bigrams If (w_5,w_1) is foundin UBI for the name
classnc, thenthefeatureBI-nc is setto 1.

Word SuffixesIf w hasa 3-letter suffix that can be
found in SUF for the nameclassne, then the feature
SUF-ncissetto 1.

Class Suffixes For w in a consecutie sequenceof
initCapstokens(w, w41, - .., w4+y), if ary of thetokens
from wy; to wy, is foundin the NCSlist of the name
classne, thenthefeatureNCS-nc is setto 1.

Function Words If w is partof a sequencdound in
FUN, thenthis featureis setto 1.

3.3 Global Features

Theglobalfeaturesnclude:

Unigrams If anotheroccurrenceof w in the same
documenthas a previous word wp that can be found
in UNI, thenthesewords are usedas featuresOther-
occurrence-prev=wp.

Bigrams If anotheroccurrenceof w hasthe feature
BI-nc setto 1, thenw will have the featureOther BI-
nc setto 1.

ClassSuffixesIf anotheroccurrenceof w hasthefea-
ture NCS-nc setto 1, then w will have the feature
Other NC'S-nc setto 1.

InitCaps of Other OccurrencesThis featurechecks
for whetherthe first occurrenceof the sameword in an
unambiguouposition(nonfirst-wordsin the TXT zone)
in the samedocumentis initCapsor not. For a word
whoseinitCapsmight be dueto its positionratherthan
its meaning(in headlinesfirst word of a sentenceetc),
the caseinformationof otheroccurrencesnight be more
accurateghanits own.

AcronymsWordsmadeup of all capitalizedettersin
thetext zonewill bestoredasacroryms(e.g.,IBM). The
systemwill thenlook for sequencesf initial capitalized
wordsthat matchthe acrorymsfoundin the whole doc-
ument. Suchsequenceare given additionalfeaturesof
A_bggin, A_continug or A_end andthe acrorym is given
a featureA_unique For example,if FCC and Fedeal
Communication€ommissiorare both foundin a docu-
ment,thenFedelal hasA begin setto 1, Communications
hasA _continuesetto 1, CommissiorhasA_endsetto 1,
andFCC hasA_uniquesetto 1.

Sequenceof InitCaps In the sentenceEven News
BroadcastingCorp., noted for its accurate reporting
madethe erroneousannouncementa NER may mistale
EvenNewsBroadcastingCorp. asanorganizatiomame.
However, it is unlikely that other occurrenceof News
BroadcastingCorp. in the samedocumenfalsoco-occur
with Even This group of featuresattemptsto capture
suchinformation. For every sequencef initial capital-
ized words, its longestsubstringthat occursin the same
documentsasequencef initCapsis identified. For this
example, since the sequenceEven News Broadcasting

Corp.only appear®ncein thedocumentits longestsub-
string that occursin the samedocuments News Broad-
castingCorp. In this case Newshasanadditionalfeature
of | _bagin setto 1, Broadcastinghasanadditionalfeature
of | _continuesetto 1, andCorp. hasanadditionalfeature
of |_endsetto 1.

NameClassof PreviousOccurrencesThenameclass
of previousoccurrencesf w is usedasa feature similar
to (Zhou and Su, 2002). We usethe occurrencenvhere
w is part of the longestnameclassphrase(nameclass
with themostnumberof tokens).For example,if w is the
secondokenin a personnameclassphraseof 5 tokens,
thenafeature2 Personb is setto 1. During training, the
nameclassesreknown. Duringtesting thenameclasses
arethe onesalreadyassignedo tokensin the sentences
alreadyprocessed.

This lastfeaturemakesthe orderof processingmpor-
tant. As HL sentencesisuallycontainlesscontext, they
areprocesseafterthe othersentences.

3.4 Namelist

In additionalto theabove featuresusedby bothME1 and
ME2, ME2 usesadditionalfeaturesderived from name
lists compiledfrom a variety of sources.Thesesources
arethe Internetandthelist providedby the organizerof
this sharedtask. Thelist is a mappingof sequencesf
wordsto nameclassesAn exampleof anentryin thelist
is“JOHN KENNEDY : PERSON"Wordsthatarepartof
asequencef wordsmappedo anameclassnc will have
afeatureCLASS=nc setto 1. Anotherlist of weekdays
andmonthnamesds alsousedin thesameway. For ME2,
we have alsomanuallyaddedadditionalentriesinto the
automaticallycompiledNCSlists.

4 Experiments

The Englishtrainingandtestdataarepartof the Reuters
Corpus,Volume 1. The Germantraining andtestdata
are part of the EuropeanCorpusinitiative, Multilingual
Corpusl. Thebestresultsobtainedon the developement
andtestsetsof the 2 languagesareasshavn in Table1.
Resultsn Table2 areobtainedby applyingME1, without
thehelpof namelists, onthe 2 languages.

The bestresultsfor Englishare obtainedusingMEZ2,
which madeuseof namelists compiledfrom the Inter-
netandthe list provided with the training set(SeeSec-
tion 3.4). The bestresultson Germanare obtainedby
using part-of-speechiags(providedin both training and
testdata)asan additionalfeatureto the featuresusedby
MEL1.

For all experiments featuresthat occuronly oncein
the training dataare not used,andthe GIS algorithmis

http://about.reuters.com/researchandstandards/corpus/



Englishdevel. | precision| recall | Fg—1

LOC 95.39% | 95.75% | 95.57
MISC 90.94% | 86.01% | 88.41
ORG 89.12% | 87.99% | 88.56
PER 94.85% | 96.96% | 95.89
Overall 93.16% | 92.86% | 93.01
Englishtest precision| recall | Fg=;

LOC 90.88% | 91.37% | 91.12
MISC 80.15% | 78.21% | 79.16
ORG 83.82% | 84.83% | 84.32
PER 93.07% | 93.82% | 93.44
Overall 88.12% | 88.51% | 88.31
Germardevel. | precision| recall | Fg=;

LOC 71.08% | 65.96% | 68.42
MISC 72.23% | 32.97%| 45.28
ORG 80.86% | 48.67% | 60.76
PER 79.45% | 65.95% | 72.07
Overall 76.15% | 54.62% | 63.61
Germartest precision| recall | Fg—;

LOC 69.23% | 59.13%| 63.78
MISC 62.05% | 33.43% | 43.45
ORG 76.70% | 48.12%| 59.14
PER 88.82% | 75.15% | 81.41
Overall 76.83% | 57.34%| 65.67

Table1: Bestresults: For English, namelists are used.
For German part-of-speechagsareused

run for 600iterations. Runningmoreiterationsdoesnot
bring aboutary significantimprovementto theaccurag.

Our systemusually doeswell for the LOC and PER
classbut failsto doaswell for theMISC andORGclass.
The badperformanceon the MISC classagreeswith the
obsenationsof (Carreraset al., 2002). We felt that the
MISC classis particularlydifficult dueto its generality(it
canreferto anything from movie titles to sportsevents).

AcknowledgementsWe would like to thank Yoong
Keok Lee for helping us to apply boostingand feature
selectionto the maximum entrogy algorithm, although
thesewerenot usedin thefinal system.

References

Xavier Carreras|luis Marquez,andLluis Padro. 2002.
Named entity extraction using AdaBoost. In Pro-
ceeding®f the SixthConfeenceon Natural Language
Learning pagesl67-170.

Hai LeongChieuandHweeTouNg. 2002a.A maximum
entropy approactio informationextractionfrom semi-
structuredandfree text. In Proceedingsf the Eigh-

Englishdevel. | precision| recall | Fg=;

LOC 93.77% | 94.23% | 94.00
MISC 89.20% | 85.14%| 87.13
ORG 87.25% | 85.76% | 86.50
PER 94.14% | 95.98% | 95.05
Overall 91.76% | 91.45% | 91.60
Englishtest precision| recall | Fg—;

LOC 89.27% | 90.29% | 89.78
MISC 80.38% | 78.21% | 79.28
ORG 82.43% | 82.18% | 82.30
PER 91.50% | 91.84% | 91.67
Overall 86.83% | 86.84% | 86.84
Germardevel. | precision| recall | Fg=;

LOC 74.42% | 56.90% | 64.49
MISC 72.49% | 33.66% | 45.98
ORG 81.00% | 47.06% | 59.53
PER 84.34% | 58.03% | 68.75
Overall 78.80% | 49.84% | 61.06
Germarntest precision| recall | Fg—;

LOC 72.08% | 55.36% | 62.62
MISC 64.04% | 34.03% | 44.44
ORG 75.95% | 46.57% | 57.74
PER 87.87% | 61.84% | 72.59
Overall 77.05% | 51.73%| 61.90

Table2: Resultsfor developmeniandtestsetfor the two
languagedy ME1

teenthNational Confeenceon Artificial Intelligence
pages/86-791.

Hai LeongChieuandHweeTou Ng. 2002b Nameden-
tity recognition: A maximumentrogy approachusing
globalinformation. In Proceedingf the Nineteenth
International Confeenceon ComputationalLinguis-
tics, pagesl90-196.

Nang/ Chinchor 1998. MUC-7 namedentity task defi-
nition, version3.5. In Proceeding®fthe SeventhMes-
sage UndeistandingConfeence

J.N. DarrochandD. Ratcliff. 1972. Generalizedter-
ative scalingfor log-linearmodels. Annalsof Mathe-
matical Statistics 43(5):1470-1480.

StepherDella Pietra,VincentDella Pietra,andJohnLaf-
ferty. 1997. Inducingfeaturesof randomfields. IEEE
Transactionson Pattern Analysisand Machine Intelli-
gence 19(4):380-393.

GuoDongzZhouandJianSu. 2002. Namedentity recog-
nition usinganHMM-basedchunktagger In Proceed-
ings of the Fortieth AnnualMeetingof the Association
for Computationalinguistics pagest73—480.



