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1 Introduction

This report describesthe application of Markov
models to the problem of language-indepeed
named entity recognition for the CoNLL-2002
sharedask(Tjong Kim Sang,2002).

We approachthe problemof identifying named
entitiesas a kind of probabilistictagging: given a
sequencenf words wy ... w,, we want to find the
correspondingequencef tagst; ... .tn, dravn from
avocalulary of possibletagsT, which satisfies:

S=amgmaxP(ty...th|w1... W)
1.t

1)

The possibletags are B-PER and I-PER, which
mark the beginning and continuationof personal
namesB-0RG andI-0RG, whichmarknamesof or-
ganizationsB-L0C andI-LOC, which mark names
of locations;B-MISC andI-MISC, whichmarkmis-
cellaneousnames;and 0, which marksnon-name
tokens.

We will assumehat a sequencef tagscanbe
modeledby Markov processandthatthe probabil-
ity of assigningatagto a word dependsnly on a
fixed context window (say the previous word and
tag). Thus,the sequencerobability in (1) canbe
restatedhsthe productof tagprobabilities:

P(tl...tn|W1...Wn) = P(ti|Wi,ti_1,Wi_1,...)
i=1n

For eachof themodelsdescribedn the next sec-
tion, the model parametersavere estimatedbased
on the provided training data,with no preprocess-
ing or filtering. Then,the mostlikely tag sequence
(basedon the model)is selectedor eachsentence
in the testdata,andthe resultsare evaluatedusing
theconlleval script.

2 Modds

In thefirstmodel(baseline), thetagprobabilitiesde-
pendonly onthecurrentword:
Pty...ta|wi... W) = |_| P(ti|wi)

i=1n

The effect of this is thateachword in the testdata
will be assignedhe tag which occurredmostfre-
quentlywith thatword in thetrainingdata.

The next model consideredHMM) is a simple
Hidden Markov Model (DeRose,1988; Charniak,
1993),in which the tag probabilitiesdependon the
currentword andthe previoustag. Supposeave as-
sumethatthe word/tagprobabilitiesandthetag se-
quenceprobabilitiesareindependenir:

P(wi[ti, ti—1) = P(wi[ti) P(ti[ti—1) )
Thenby Bayes'Theoremandthe Markov property
we have:

P(Wy.. . Whlty...th)P(ty...t
Pl twr. . wp) = Wl G)P( - )

P(Wy...Wn)
[i=1,n P(Wi[ti) P(tifti—1)
P(Wi...Wn)

Since the probability of the word sequence
P(w1...wy) is the samefor all candidatetag se-
guencestheoptimalsequencef tagssatisfies:

S=amgmax |_| P(Wi|ti)P(ti‘ti,1) )

tr.th j=1n

The probabilitiesP(w;|ti) and P(tj|ti_1) can easily
be estimatedrom trainingdata.Using(3) to calcu-
late the probability of a candidatdagsequencethe
optimal sequencef tags can be found efficiently
usingdynamicprogrammingViterbi, 1967).
While this kind of HMM is simple and easyto
constructandapply it hasits limitations. For one,



(3) depend®ntheindependencassumptiorin (2).

In the next model (ME), we avoid this by usinga

conditionalmaximumentroy modelto estimatdag

probabilities. Maximum entroy models(Jaynes,
1957;Bemeretal., 1996; Della Pietraetal., 1997)
area classof exponentialmodelswhich requireno

unwarrantedindependenceassumptionsand have

provento bevery successfuin generafor integrat-

ing informationfrom disparateand possibly over-

lappingsources.In this model,the optimaltag se-
guencesatisfies:

S=algmax
titn j=1n

P(ti|wi, ti—1)

where

exp (YA fj(tio1,wi, b))
YreT &P (3A fj(tio, Wi, 1))

The indicator functions f; ‘fire’ for particular
combinationsof contexts andtags. For instance,
onesuchfunction might indicatethe occurrenceof
theword Javier with thetagB-PER:

(4)

P(ti|wi,ti—1) =

1 if wy = Javier & tj = B-PER
0 otherwise
(5)

and another might indicate the tag sequenced
B-PER:

f(ti1,wi,t) :{

1 ifti_,=0& ti=B-PER
0 otherwise
(6)

Eachindicator f; function also has an associ-
atedweight Aj, which is chosenso that the prob-
abilities (4) minimize the relatve entrofy between
the empiricaldistritution P (derived from thetrain-
ing data)andthe modelprobabilitiesP, or, equia-
lently, which maximizethe likelihood of the train-
ing data.Unliketheparametersf anHMM, thereis
noclosedform expressiorfor estimatinghe param-
etersof a maximumentrofy modelfrom the train-
ing data.So,we proceedteratiely, graduallyrefin-
ing the parameteestimateauntil the desiredlevel
of precisionis reached.For theseexperimentsthe
parametersverefit to thetrainingdatausingalim-
ited memoryvariablemetric algorithm (Malouf, in
press).

Thebasicstructureof themodelis very similarto
that of Borthwick (1999). However, in the models
describedhere, no featureselectionis performed.
Also notethatthisformulationof maximumentropy

f(ti—e,wi,ti) :{

Markov modelsdiffersslightly from thatof McCal-
lum etal. (2000). Herewe usea singlemaximum
entroy model, while McCallum, et al. usea sep-
aratemodelfor eachsourcestate. Using separate
modelsincreaseshe sparsenessf thetrainingdata
and,at leastfor this task,slightly reduceghe accu-
ragy of thefinal tagger

Using indicatorfunctionsof the typein (5) and
(6), the model encodesexactly the sameinforma-
tion asthe HMM in (3), but with muchwealer in-
dependencassumptions.This meanswe canadd
informationto the modelfrom partially redundant
and overlappingsources. The model ME+ adds
two additionaltypesof informationthat wereused
by Borthwick (1999). It includescapitalizatiornfea-
tures, which indicate whetherthe currentword is
capitalized,all uppercase,all lower case,mixed
case,or non-alphanumericandwhetheror not the
word is the first word in the sentence And it also
addsadditionalcontet sensitvity, so that the tag
probabilitiesdependon the previous word, aswell
asthe previoustagandthe currentword.

Thenext model, ME+m, addsoneadditionalfea-
tureto ME+ thattakesadwantageof the structureof
the training and testdata. Oftenin newspaperar
ticles, the first referenceo anindividual is by full
nameandtitle, while later referencesiseonly the
persors surname. While an unfamiliar full name
canoften be identifiedasa nameby the surround-
ing context, the surnameappearingaloneis more
difficult to catch.For example,onearticle begins:

El presidenteelecto de la Repblica Do-
minicana,Hiplito Meja, del Partido Revolu-
cionario Dominicano(PRD) socialdemcrata,
manifestque mantendrsu apoyo a los XIV
Juggos Panamericanogdel 2003 en Santo
Domingo.Meja, quienganlos comiciospres-
idencialesenlasvotacioneslel pasaddl6 de
mayo,as@ur queni | ni su partidocambiarn
la posicinasumidaanteel pueblodominicano
derespaldata organizacindelos Juayos.

In the first sentencethe phraseHiplito Meja can
likely be identifiedasa personalhameevenif the
surnameas anunknavn word, sincethe phrasecon-
sistsof two capitalizedwords (the first a common
first name)setoff by commas.In the secondsen-
tence however, Megjais muchmoredifficult toiden-
tify asa name: a sentence-initiacapitalizedun-
known word is mostlikely to be taggedas0. To
allow the usein the first sentenceto provide in-
formationaboutthe second ME+m usesa feature



whichis truejustin casethe currentword occurred
aspartof apersonahamepreviously in thetext be-
ing tagged. With this feature,the modelcantake

adwantageof easyinstanceof namesto help with

moredifficult instancedaterin thetext.

All of themodelsdescribedo this pointarecom-
pletely languageindependenand useno informa-
tion not containedin the training data. The fi-
nal model, ME+mf, includesoneadditionalfeature
whichindicatesvhetheror notthe currentword ap-
pearsin alist of 13,821first namescollectedfrom
a numberof multi-lingual sourceson the Internet.
While the namesare dravn from a wide rangeof
languagesand cultures,the emphasiss on Euro-
peannamesandin particularEnglishandSpanish.

3 Resaults

Eachof the modelsdescribedn the previous sec-
tion weretrainedusing esp.train andevaluated
onesp.testa. Theresultsaresummarizedn Ta-
blel.

As would be expected HMM performssubstan-
tially betterthanbaseline for every cateyory but lo-
cationsthoughearliercross-alidationexperiments
suggesthatthis exceptionis anaccidentf the par
ticular split betweertrainingandtestdata.

Perhaps more surprisingly ME outperforms
HMM by anevenwider magin. In thesetwo mod-
els,thetag probabilitiesare conditionedon exactly
thesamepropertieof the contets. Theonly differ-
encebetweerthe modelsis thatthe probabilitiesin
ME are estimatedn a way which avoids the inde-
pendencassumptiorin (2). Thepoorperformance
of HMM suggestghat this assumptionis highly
problematic.

Adding additionalfeaturesin ME+ andME-+m,
offer further gains over the basemodel. How-
ever, the addition of a databasef first names,in
ME-+mf, only slightly improvestheperformancen
personahamesandactuallyreducesheoverallper
formance.This s likely dueto thefactthatthe list
of namescontainsmary wordswhich canalsobe
usedas locationsand organizations. Perhapshe
useof additionaldatabasesf geographi@ndnon-
personahameswould helpcounteracthis effect.

For thefinal results,the modelwhich preformed
thebeston the evaluationdata, ME+m, wastrained
Onesp.train andevaluatedwith esp.testa and
esp.testb, andtrainedon ned.train andeval-
uatedwith ned.testa and ned.testb. Before
training, the partof speechagswereremovedfrom

Method Type Precision Recall Fp_;
baseline overall 4459 4352 44.05
LOC 52.67 72.18 60.90
MISC 22.27 2252 22.40
ORG 51.59 45.29 48.23
PER 32.81 25.61 28.77
HMM overall 44.03 42.97 43.50
LOC 31.35 69.04 43.12
MISC 4409 25.23 32.09
ORG 65.30 46.18 54.10
PER 47.49 23.98 31.87
ME overall 71.50 50.95 59.50
LOC 66.36 72.49 69.29
MISC 58.04 33.33 42.35
ORG 73.67 49.26 59.04
PER 81.80 42.31 55.77
ME+ overall 72.07 67.70 69.82
LOC 63.84 77.26 69.91
MISC 4985 38.51 43.46
ORG 77.45 59.45 67.27
PER 80.48 82.00 81.23
ME+m  overall 74.78 71.07 72.88
LOC 68.28 80.00 73.68
MISC 56.51 37.16 44.84
ORG 78.99 61.94 69.44
PER 80.13 88.79 84.24
ME+mf overall 7455 70.45 72.44
LOC 63.50 80.20 70.88
MISC 54.63 38.51 45.18
ORG 79.71 6194 69.71
PER 85.30 85.92 85.61

Tablel: Summaryof preliminarymodels

ned.train, to allow a moredirectcross-language
comparisorof the performancef ME+m.

Theresultsof thefinal evaluationaregivenin Ta-
ble 2. The performanceof the modelis roughly
the samefor both test samplesof eachlanguage,
thoughthe performancaliffers somavhat between
the two languages.In particular the performance
onMISC entitiesis quite a bit betterfor Dutchthan
it is for Spanish,andthe performanceon PER en-
tities is quite a bit betterfor Spanishthanit is for
Dutch. Thesedifferencesaresomavhat surprising,
asnothingin the modelis languagespecific. Per
hapsthediscrepang (especiallyfor theMISC class)
reflectsdifferencesn theway thetrainingdatawas
annotatedMISC is a highly heterogenouslass,and
the criteria for distinguishingbetweenMISC and0
entitiesis sometimesinclear



4 Conclusion

The modelsdescribecherearevery simpleandef-
ficient,dependon no preprocessingr (with the ex-
ceptionof ME+mf) externaldatabasesndyetpro-
videadramatiamprovementoverabaselinanodel.
However, the performancas still quite a bit lower
thanresultsfor industrial-strengtlanguage-specific
namedentity recognitionsystems.

Thereareanumberof smallimprovementswvhich
could be madeto thesemodels, such as feature
selection(to reduceovertraining) and the use of
whole sentencesequencenodels,asin Lafferty et
al. (2001)(to avoid the‘label-biasproblem’). These
refinementganbe expectedo offer amodestboost
to the performancef thebestmodel.
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