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1 Introduction

This report describesthe application of Markov
models to the problem of language-independent
named entity recognition for the CoNLL-2002
sharedtask(TjongKim Sang,2002).

We approachthe problemof identifying named
entitiesasa kind of probabilistictagging: given a
sequenceof words w1 ����� wn, we want to find the
correspondingsequenceof tagst1 ����� tn, drawn from
avocabulary of possibletagsT , whichsatisfies:

S � argmax
t1 � � � tn P � t1 ����� tn �w1 ����� wn � (1)

The possibletags are �� "!$#$% and &" '!(#�% , which
mark the beginning and continuationof personal
names;�) (*'%�+ and &" $*'%�+ , whichmarknamesof or-
ganizations;�) ",)*$- and &" ",)*$- , which marknames
of locations;�� '.�&"/�- and &" '.�&"/�- , whichmarkmis-
cellaneousnames;and * , which marksnon-name
tokens.

We will assumethat a sequenceof tagscan be
modeledby Markov process,andthattheprobabil-
ity of assigninga tag to a word dependsonly on a
fixed context window (say, the previous word and
tag). Thus, the sequenceprobability in (1) canbe
restatedastheproductof tagprobabilities:

P � t1 ����� tn �w1 ����� wn � � ∏
i 0 1 1 n P � ti �wi 2 ti 3 1 2 wi 3 1 2 �����4�

For eachof themodelsdescribedin thenext sec-
tion, the model parameterswere estimatedbased
on the provided training data,with no preprocess-
ing or filtering. Then,themostlikely tagsequence
(basedon the model) is selectedfor eachsentence
in the testdata,andthe resultsareevaluatedusing
the 5'6'7�8$8$9":);�8 script.

2 Models
In thefirst model( <>=@?BADCFE4G@A ), thetagprobabilitiesde-
pendonly on thecurrentword:

P � t1 ����� tn �w1 ����� wn � � ∏
i 0 1 1 n P � ti �wi �

The effect of this is that eachword in the testdata
will be assignedthe tag which occurredmost fre-
quentlywith thatword in thetrainingdata.

The next model considered( HJIKI ) is a simple
Hidden Markov Model (DeRose,1988; Charniak,
1993),in which thetagprobabilitiesdependon the
currentword andtheprevious tag. Supposewe as-
sumethattheword/tagprobabilitiesandthetagse-
quenceprobabilitiesareindependent,or:

P � wi � ti 2 ti 3 1 � � P � wi � ti � P � ti � ti 3 1 � (2)

Thenby Bayes’TheoremandtheMarkov property,
wehave:

P � t1 ����� tn �w1 ����� wn � � P � w1 ����� wn � t1 ����� tn � P � t1 ����� tn �
P � w1 ����� wn �� ∏i 0 1 1 n P � wi � ti � P � ti � ti 3 1 �

P � w1 ����� wn �
Since the probability of the word sequence
P � w1 ����� wn � is the samefor all candidatetag se-
quences,theoptimalsequenceof tagssatisfies:

S � argmax
t1 � � � tn ∏

i 0 1 1 n P � wi � ti � P � ti � ti 3 1 � (3)

The probabilitiesP � wi � ti � and P � ti � ti 3 1 � can easily
beestimatedfrom trainingdata.Using(3) to calcu-
latetheprobabilityof a candidatetagsequence,the
optimal sequenceof tagscan be found efficiently
usingdynamicprogramming(Viterbi, 1967).

While this kind of HMM is simpleandeasyto
constructandapply, it hasits limitations. For one,



(3) dependson theindependenceassumptionin (2).
In the next model ( IML ), we avoid this by usinga
conditionalmaximumentropy modelto estimatetag
probabilities. Maximum entropy models(Jaynes,
1957;Bergeret al., 1996;Della Pietraet al., 1997)
area classof exponentialmodelswhich requireno
unwarrantedindependenceassumptionsand have
provento beverysuccessfulin generalfor integrat-
ing information from disparateand possiblyover-
lappingsources.In this model,the optimal tagse-
quencesatisfies:

S � argmax
t1 � � � tn ∏

i 0 1 1 n P � ti �wi 2 ti 3 1 �
where

P � ti �wi 2 ti 3 1 � � exp N ∑ j λ j f j � ti 3 1 2 wi 2 ti ��O
∑τ P T exp N ∑ j λ j f j � ti 3 1 2 wi 2 τ � O (4)

The indicator functions f j ‘fire’ for particular
combinationsof contexts and tags. For instance,
onesuchfunctionmight indicatetheoccurrenceof
thewordJavier with thetag �) "!$#$% :

f � ti 3 1 2 wi 2 ti � �RQ 1 if wi � Javier & ti �S�) "!(#�%
0 otherwise

(5)
and another might indicate the tag sequence*�� '!(#�% :

f � ti 3 1 2 wi 2 ti � �RQ 1 if ti 3 1 �T* & ti �U�) "!$#$%
0 otherwise

(6)
Each indicator f j function also has an associ-

atedweight λ j, which is chosenso that the prob-
abilities (4) minimize the relative entropy between
theempiricaldistribution P̃ (derivedfrom thetrain-
ing data)andthemodelprobabilitiesP, or, equiva-
lently, which maximizethe likelihoodof the train-
ing data.Unliketheparametersof anHMM, thereis
noclosedformexpressionfor estimatingtheparam-
etersof a maximumentropy modelfrom the train-
ing data.So,weproceediteratively, graduallyrefin-
ing the parameterestimatesuntil the desiredlevel
of precisionis reached.For theseexperiments,the
parameterswerefit to thetrainingdatausinga lim-
ited memoryvariablemetricalgorithm(Malouf, in
press).

Thebasicstructureof themodelis verysimilarto
that of Borthwick (1999). However, in the models
describedhere,no featureselectionis performed.
Alsonotethatthisformulationof maximumentropy

Markov modelsdiffersslightly from thatof McCal-
lum et al. (2000). Herewe usea singlemaximum
entropy model,while McCallum, et al. usea sep-
aratemodel for eachsourcestate. Using separate
modelsincreasesthesparsenessof thetrainingdata
and,at leastfor this task,slightly reducestheaccu-
racy of thefinal tagger.

Using indicator functionsof the type in (5) and
(6), the modelencodesexactly the sameinforma-
tion astheHMM in (3), but with muchweaker in-
dependenceassumptions.This meanswe canadd
informationto the model from partially redundant
and overlappingsources. The model IML�V adds
two additionaltypesof informationthat wereused
by Borthwick (1999).It includescapitalizationfea-
tures,which indicatewhetherthe currentword is
capitalized,all uppercase,all lower case,mixed
case,or non-alphanumeric,andwhetheror not the
word is the first word in the sentence.And it also
addsadditionalcontext sensitivity, so that the tag
probabilitiesdependon the previous word, aswell
astheprevioustagandthecurrentword.

Thenext model, IML�VXW , addsoneadditionalfea-
tureto IML�V thattakesadvantageof thestructureof
the training and testdata. Often in newspaperar-
ticles, the first referenceto an individual is by full
nameandtitle, while later referencesuseonly the
person’s surname.While an unfamiliar full name
canoften be identifiedasa nameby the surround-
ing context, the surnameappearingaloneis more
difficult to catch.For example,onearticlebegins:

El presidenteelecto de la Repblica Do-
minicana,Hiplito Meja, del Partido Revolu-
cionarioDominicano(PRD) socialdemcrata,
manifestque mantendrsu apoyo a los XIV
Juegos Panamericanosdel 2003 en Santo
Domingo.Meja, quienganloscomiciospres-
idencialesenlasvotacionesdel pasado16 de
mayo,asegur queni l ni supartidocambiarn
la posicinasumidaanteel pueblodominicano
derespaldarla organizacindelosJuegos.

In the first sentence,the phraseHiplito Meja can
likely be identifiedasa personalnameeven if the
surnameis anunknown word,sincethephrasecon-
sistsof two capitalizedwords(the first a common
first name)setoff by commas.In the secondsen-
tence,however, Meja is muchmoredifficult to iden-
tify as a name: a sentence-initialcapitalizedun-
known word is most likely to be taggedas * . To
allow the use in the first sentenceto provide in-
formationaboutthe second,IML)VYW usesa feature



which is truejust in casethecurrentword occurred
aspartof apersonalnamepreviously in thetext be-
ing tagged. With this feature,the modelcan take
advantageof easyinstancesof namesto help with
moredifficult instanceslaterin thetext.

All of themodelsdescribedto thispointarecom-
pletely languageindependentanduseno informa-
tion not containedin the training data. The fi-
nalmodel, IML�VXW[Z , includesoneadditionalfeature
which indicateswhetheror not thecurrentwordap-
pearsin a list of 13,821first namescollectedfrom
a numberof multi-lingual sourceson the Internet.
While the namesaredrawn from a wide rangeof
languagesand cultures,the emphasisis on Euro-
peannames,andin particularEnglishandSpanish.

3 Results

Eachof the modelsdescribedin the previous sec-
tion were trainedusing 9�\^]J_�`(a�;�b^7 and evaluated
on 9�\^]J_�`)9�\>`�; . Theresultsaresummarizedin Ta-
ble1.

As would beexpected,HJIKI performssubstan-
tially betterthan <>=@?BADCFE4G@A for every category but lo-
cations,thoughearliercross-validationexperiments
suggestthatthisexceptionis anaccidentof thepar-
ticularsplit betweentrainingandtestdata.

Perhaps more surprisingly, IML outperformsHJIKI by anevenwider margin. In thesetwo mod-
els,thetagprobabilitiesareconditionedon exactly
thesamepropertiesof thecontexts. Theonly differ-
encebetweenthemodelsis thattheprobabilitiesinIML areestimatedin a way which avoids the inde-
pendenceassumptionin (2). Thepoorperformance
of HcIKI suggeststhat this assumptionis highly
problematic.

Addingadditionalfeatures,in IML�V and IML�VXW ,
offer further gains over the basemodel. How-
ever, the addition of a databaseof first names,inIML�VXWdZ , only slightly improvestheperformanceon
personalnamesandactuallyreducestheoverallper-
formance.This is likely dueto the fact that the list
of namescontainsmany wordswhich canalsobe
usedas locationsand organizations. Perhapsthe
useof additionaldatabasesof geographicandnon-
personalnameswouldhelpcounteractthis effect.

For thefinal results,themodelwhich preformed
thebeston theevaluationdata, IML�VXW , wastrained
on 9�\^]J_�`$a);�b^7 andevaluatedwith 9�\^]J_�`)9�\>`�; and9�\e]d_f`)9�\@`�g , and trainedon 7�9$hi_�`(a�;�b^7 and eval-
uatedwith 7�9$hi_�`)9�\>`�; and 7�9$hj_f`)9�\>`�g . Before
training,thepartof speechtagswereremovedfrom

Method Type Precision Recall Fβ k 1

baseline overall 44.59 43.52 44.05
LOC 52.67 72.18 60.90
MISC 22.27 22.52 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 44.09 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 49.85 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 74.55 70.45 72.44
LOC 63.50 80.20 70.88
MISC 54.63 38.51 45.18
ORG 79.71 61.94 69.71
PER 85.30 85.92 85.61

Table1: Summaryof preliminarymodels

7�9�hj_f`(a);)b@7 , to allow a moredirect cross-language
comparisonof theperformanceof IML�VXW .

Theresultsof thefinal evaluationaregivenin Ta-
ble 2. The performanceof the model is roughly
the samefor both test samplesof eachlanguage,
thoughthe performancediffers somewhat between
the two languages.In particular, the performance
on .l&"/�- entitiesis quitea bit betterfor Dutchthan
it is for Spanish,and the performanceon !$#$% en-
tities is quite a bit betterfor Spanishthan it is for
Dutch. Thesedifferencesaresomewhatsurprising,
asnothingin the model is languagespecific. Per-
hapsthediscrepancy (especiallyfor the .l&'/$- class)
reflectsdifferencesin theway thetrainingdatawas
annotated;.l&'/$- is ahighly heterogenousclass,and
the criteria for distinguishingbetween.�&"/$- and *
entitiesis sometimesunclear.



4 Conclusion

Themodelsdescribedherearevery simpleandef-
ficient,dependonnopreprocessingor (with theex-
ceptionof IML�VXW[Z ) externaldatabases,andyetpro-
videadramaticimprovementoverabaselinemodel.
However, the performanceis still quite a bit lower
thanresultsfor industrial-strengthlanguage-specific
namedentity recognitionsystems.

Thereareanumberof smallimprovementswhich
could be made to thesemodels, such as feature
selection(to reduceovertraining) and the use of
whole sentencesequencemodels,as in Lafferty et
al. (2001)(to avoid the‘label-biasproblem’).These
refinementscanbeexpectedto offer amodestboost
to theperformanceof thebestmodel.
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