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1 Intr oduction

Thenamedentity recognition(NER) taskinvolvesiden-
tifying nounphrasesthatarenames,andassigningaclass
to eachname.This taskhasits origin from theMessage
UnderstandingConferences(MUC) in the1990s,aseries
of conferencesaimedat evaluatingsystemsthat extract
informationfrom naturallanguagetexts. It becameevi-
dentthat in orderto achieve goodperformancein infor-
mationextraction,asystemneedsto beableto recognize
names.A separatesubtaskonNERwascreatedin MUC-
6 andMUC-7 (Chinchor, 1998).

Much researchhassincebeencarriedout on NER,us-
ing both knowledgeengineeringand machinelearning
approaches.At thelastCoNLL in 2002,a commonNER
task was usedto evaluatecompetingNER systems. In
this year’s CoNLL, the NER taskis to tagnounphrases
with thefollowing four classes:person(PER),organiza-
tion (ORG),location(LOC), andmiscellaneous(MISC).

This paperpresentsa maximumentropy approachto
the NER task, whereNER not only madeuseof local
context within a sentence,but alsomadeuseof otheroc-
currencesof eachword within thesamedocumentto ex-
tract useful features(global features). Suchglobal fea-
turesenhancethe performanceof NER (ChieuandNg,
2002b).

2 A Maximum Entropy Approach

Themaximumentropy framework estimatesprobabilities
basedon the principle of makingasfew assumptionsas
possible,other thanthe constraintsimposed.Suchcon-
straintsarederived from training data,expressingsome
relationshipbetweenfeaturesandoutcome.The proba-
bility distribution that satisfiesthe above propertyis the
onewith thehighestentropy. It is unique,agreeswith the
maximum-likelihooddistribution, andhasthe exponen-

tial form (DellaPietraetal., 1997):
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where � refersto theoutcome,� thehistory(or context),
and


 �"�#� is a normalizationfunction. Thefeaturesused
in the maximumentropy framework arebinary. An ex-
ampleof a featurefunctionis$ � ��� ! �%�&
(' � if � = org-B, word= PETER)

otherwise

Theparameters� � areestimatedby aprocedurecalled
GeneralizedIterative Scaling (GIS) (Darroch and Rat-
clif f, 1972). This is an iterative procedurethat improves
theestimationof theparametersat eachiteration.

The maximum entropy classifier is used to 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).
During testing,it is possiblethattheclassifierproducesa
sequenceof inadmissibleclasses(e.g.,PER-Bfollowed
by LOC-L). To eliminate such sequences,we define a
transition probability between word classes * �,+.-/� + � �
to be equal to 1 if the sequenceis admissible,and 0
otherwise. The probability of the classes+ � !1020101! +.3
assignedto thewordsin a sentence4 in a document5 is
definedasfollows:

* �,+ � !2010101! +.36� 4 ! 5 �&
 3�- ��� * ��+ - � 4 ! 5 �87 * ��+ - � + -,9 � � !
where* �,+ - � 4 ! 5 � is determinedby themaximumentropy
classifier. TheViterbi algorithmis thenusedto selectthe
sequenceof wordclasseswith thehighestprobability.

3 Feature Representation

We presenttwo systems:a systemME1 that doesnot
make useof any externalknowledgebaseotherthanthe



training data,anda systemME2 that makesuseof ad-
ditional featuresderived from namelists. ME1 is used
for bothEnglishandGerman.For German,however, for
featuresthatmadeuseof thewordstring,thelemma(pro-
videdin theGermantrainingandtestdata)is usedinstead
of theactualword.

3.1 Lists derived fr om training data

Thetrainingdatais first preprocessedto compilea num-
ber of lists thatareusedby both ME1 andME2. These
lists arederivedautomaticallyfrom thetrainingdata.

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

Useful Unigrams (UNI) For eachnameclass,words
thatprecedethe nameclassarerankedusingcorrelation
metric (ChieuandNg, 2002a),andthe top 20 arecom-
piled into a list.

UsefulBigrams (UBI) This list consistsof bigramsof
wordsthat precedea nameclass. Examplesare“CITY
OF”, “ARRIVES IN”, etc.Thelist is compiledby taking
bigramswith higherprobability to appearbeforea name
classthantheunigramitself (e.g.,“CITY OF” hashigher
probabilityto appearbeforea locationthan“OF”). A list
is collectedfor eachnameclass. We have attemptedto
usebigramsthatappearafteranameclass,but for English
at least,we have beenunableto compileany suchmean-
ingful bigrams.A possibleexplanationis thatin writing,
peopletendto explain with bigramssuchas“CITY OF”
beforementioningthenameitself.

UsefulWord Suffixes(SUF)For eachword in aname
class, three-lettersuffixes with high correlationmetric
scorearecollected. This is especiallyimportantfor the
MISC class,wheresuffixessuchas“IAN” and“ISH” of-
tenappear.

Useful Name Class Suffixes (NCS) A suffix list is
compiledfor eachnameclass.Theselists capturetokens
thatfrequentlyterminatea particularnameclass.For ex-
ample,theORGclassoften terminateswith tokenssuch
asINC andCOMMITTEE, andtheMISC classoftenter-
minateswith CUP, OPEN,etc.

Function Words (FUN) Lower casewordsthatoccur
within a nameclass.Theseinclude“vander”, “of ”, etc.

3.2 Local Features

The basicfeaturesusedby both ME1 andME2 can be
dividedinto two classes:localandglobal(ChieuandNg,
2002b). Local featuresof a token : are thosethat are
derivedfrom thesentencecontaining: . Global features
arederivedby looking up otheroccurrencesof : within
thesamedocument.

In this paper, : 9	- refersto the ; th word before : , and:=< - refersto the ; th word after : . Thefeaturesusedare
similar to thoseusedin (ChieuandNg, 2002b). Local
featuresinclude:

First Word, Case,and Zone For English,eachdoc-
umentis segmentedby simplerulesinto 4 zones:head-
line (HL), author(AU), dateline(DL), andtext (TXT). To
identify thezones,a DL sentenceis first identifiedusing
a regular expression.The systemthenlooks for an AU
sentencethatoccursbeforeDL usinganotherregularex-
pression.All sentencesotherthanAU thatoccurbefore
theDL sentencearethentakento bein theHL zone.Sen-
tencesafter the DL sentencearetaken to be in the TXT
zone.If noDL sentencecanbefoundin adocument,then
thefirst sentenceof thedocumentis takenasHL, andthe
restasTXT. For German,thefirst sentenceof eachdocu-
mentis takenasHL, andtherestasTXT. Zoneis usedas
partof thefollowing features:

If : startswith a capitalletter(i.e., initCaps),andit is
thefirst wordof asentence,a feature(firstword-initCaps,
zone)is setto 1. If it is initCapsbut not thefirst word, a
feature(initCaps,zone)is setto 1. If it is the first word
but not initCaps,(firstword-notInitCaps,zone)is setto 1.
If it is madeup of all capitalletters,then(allCaps,zone)
is setto 1. If it startswith alowercaseletter, andcontains
bothupperandlowercaseletters,then(mixedCaps,zone)
is setto 1. A tokenthatis allCapswill alsobe initCaps.

Caseand Zone of : < � and : 9 � Similarly, if : < �
(or : 9 � ) is initCaps,a feature(initCaps,zone)>8?A@CB (or
(initCaps,zone)D�EF?�G ) is setto 1, etc.

CaseSequenceSupposeboth : 9 � and :H< � are init-
Caps.Thenif : is initCaps,a featureI is setto 1, elsea
featureJKI is setto 1.

Token Inf ormation Thesefeaturesare basedon the
string : , suchascontains-digits,contains-dollar-sign,etc
(ChieuandNg, 2002b).

Lexicon Feature Thestringof : is usedasa feature.
This groupcontainsa large numberof features(onefor
eachtokenstringpresentin thetrainingdata).

Lexicon Feature of Previous and Next Token The
stringof theprevioustoken : 9 � andthenext token : < �
is usedwith theinitCapsinformationof : . If : hasinit-
Caps,thena feature(initCaps, : < � ) >8?A@CB is setto 1. If: is not initCaps,then(not-initCaps,: < � ) >8?A@CB is setto
1. Samefor : 9 � .

HyphenatedWords Hyphenatedwords : of theform4 � - 4ML have a feature N - N setto 1 if both 4 � and 4ML are
initCaps. If 4 � is initCapsbut not 4ML , thenthe featuresN = 4 � , O = 4PL , and N - O aresetto 1. If 4ML is initCapsbut
not 4 � , thenthefeaturesN = 4ML , O = 4 � , and O - N aresetto
1.

Within Quotes/BracketsSequencesof tokenswithin
quotesor bracketshavea featureto indicatethatthey are
within quotes. We found this featureuseful for MISC
class,wherenamessuchas movie namesoften appear
within quotes.

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



Bigrams If � : 9	Q ! : 9 � � is found in UBI for thename
classR + , thenthefeatureSTI - R + is setto 1.

Word Suffixes If : hasa 3-letter suffix that can be
found in SUF for the nameclass R + , then the featureU NWV - R + is setto 1.

Class Suffixes For : in a consecutive sequenceof
initCapstokens � : ! :=< � !1020101! :=< 3 � , if any of the tokens
from :=< � to :=< 3 is found in the NCS list of the name
classR + , thenthefeatureJYX U - R + is setto 1.

Function Words If : is part of a sequencefound in
FUN, thenthis featureis setto 1.

3.3 Global Features

Theglobalfeaturesinclude:
Unigrams If anotheroccurrenceof : in the same

documenthas a previous word : � that can be found
in UNI, then thesewords are usedas featuresZ\[ �#]2^ -�_+.+a`	^M^_] R +1] -��^_]Pb = : � .

Bigrams If anotheroccurrenceof : has the featureScI - R + setto 1, then : will have the feature Z\[ �#]2^ STI -R + setto 1.
ClassSuffixesIf anotheroccurrenceof : hasthefea-

ture JdX U - R + set to 1, then : will have the featureZ\[ �#]2^ JdX U - R + setto 1.
InitCaps of Other OccurrencesThis featurechecks

for whetherthe first occurrenceof the sameword in an
unambiguousposition(nonfirst-wordsin theTXT zone)
in the samedocumentis initCapsor not. For a word
whoseinitCapsmight be due to its positionratherthan
its meaning(in headlines,first word of a sentence,etc),
thecaseinformationof otheroccurrencesmight bemore
accuratethanits own.

AcronymsWordsmadeup of all capitalizedlettersin
thetext zonewill bestoredasacronyms(e.g.,IBM). The
systemwill thenlook for sequencesof initial capitalized
wordsthatmatchthe acronymsfound in thewholedoc-
ument. Suchsequencesaregiven additionalfeaturesof
A begin, A continue, or A end, andtheacronym is given
a featureA unique. For example, if FCC and Federal
CommunicationsCommissionareboth found in a docu-
ment,thenFederal hasA begin setto 1, Communications
hasA continuesetto 1, CommissionhasA endsetto 1,
andFCChasA uniquesetto 1.

Sequenceof InitCaps In the sentenceEven News
BroadcastingCorp., noted for its accurate reporting,
madetheerroneousannouncement., a NER maymistake
EvenNewsBroadcastingCorp.asanorganizationname.
However, it is unlikely that other occurrencesof News
BroadcastingCorp. in thesamedocumentalsoco-occur
with Even. This group of featuresattemptsto capture
suchinformation. For every sequenceof initial capital-
ized words,its longestsubstringthatoccursin thesame
documentasasequenceof initCapsis identified.For this
example, since the sequenceEven News Broadcasting

Corp.only appearsoncein thedocument,its longestsub-
string thatoccursin the samedocumentis News Broad-
castingCorp. In thiscase,Newshasanadditionalfeature
of I begin setto 1, Broadcastinghasanadditionalfeature
of I continuesetto 1, andCorp.hasanadditionalfeature
of I endsetto 1.

NameClassof PreviousOccurrencesThenameclass
of previousoccurrencesof : is usedasa feature,similar
to (Zhou andSu, 2002). We usethe occurrencewhere: is part of the longestnameclassphrase(nameclass
with themostnumberof tokens).For example,if : is the
secondtoken in a personnameclassphraseof 5 tokens,
thena featureL%* ]P^ 4 � R8e is setto 1. During training,the
nameclassesareknown. Duringtesting,thenameclasses
arethe onesalreadyassignedto tokensin the sentences
alreadyprocessed.

This lastfeaturemakestheorderof processingimpor-
tant. As HL sentencesusuallycontainlesscontext, they
areprocessedaftertheothersentences.

3.4 NameList

In additionalto theabovefeaturesusedby bothME1 and
ME2, ME2 usesadditionalfeaturesderived from name
lists compiledfrom a variety of sources.Thesesources
aretheInternetandthelist providedby theorganizersof
this sharedtask. The list is a mappingof sequencesof
wordsto nameclasses.An exampleof anentryin thelist
is “JOHN KENNEDY : PERSON”.Wordsthatarepartof
asequenceof wordsmappedto anameclassR + will have
a featureXWOCf U�U = R + setto 1. Anotherlist of weekdays
andmonthnamesis alsousedin thesameway. For ME2,
we have alsomanuallyaddedadditionalentriesinto the
automaticallycompiledNCSlists.

4 Experiments

TheEnglishtrainingandtestdataarepartof theReuters
Corpus,Volume11. The Germantraining andtestdata
arepart of the EuropeanCorpusInitiative, Multilingual
Corpus1. Thebestresultsobtainedon thedevelopement
andtestsetsof the2 languagesareasshown in Table1.
Resultsin Table2 areobtainedby applyingME1,without
thehelpof namelists,on the2 languages.

The bestresultsfor EnglishareobtainedusingME2,
which madeuseof namelists compiledfrom the Inter-
net andthe list provided with the training set (SeeSec-
tion 3.4). The bestresultson Germanare obtainedby
usingpart-of-speechtags(provided in both training and
testdata)asanadditionalfeatureto thefeaturesusedby
ME1.

For all experiments,featuresthat occur only oncein
the training dataarenot used,andthe GIS algorithmis

1http://about.reuters.com/researchandstandards/corpus/



Englishdevel. precision recall Fg ���
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

Germandevel. 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

Germantest 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: Best results: For English,namelists areused.
For German,part-of-speechtagsareused

run for 600 iterations.Runningmoreiterationsdoesnot
bringaboutany significantimprovementto theaccuracy.

Our systemusually doeswell for the LOC and PER
class,but fails to doaswell for theMISC andORGclass.
Thebadperformanceon theMISC classagreeswith the
observationsof (Carreraset al., 2002). We felt that the
MISC classis particularlydifficult dueto its generality(it
canreferto anything from movie titles to sportsevents).
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