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Abstract

When building a Chinesenamed entity

recognition system, one must deal with

certain language-specifigssuessuch as
whetherthe model should be basedon

charactersor words. While thereis no

uniqueanswelto this questionwe discuss
in detailadvantagesanddisadwantagesof

eachmodel,identify problemsin segmen-
tationandsuggespossiblesolutions,pre-
senting our obsenrations, analysis, and
experimentalresults. The secondtopic

of this paperis classifier combination.
We presentand describefour classifiers
for Chinesenamedentity recognitionand
describevarious methodsfor combining
theiroutputs.Theresultsdemonstrat¢hat
classifiercombinations aneffective tech-
nique of improving systemperformance:
experimentver alargeannotateaorpus
of fine-grainedentity typesexhibit a 10%

relative reductionin F-measurerror.

1 Intr oduction

Namedentity (NE) recognitionhasdravn muchat-

tention in recentyears. It was a designatedask

in a number of conferences,ncluding the Mes-

sage UnderstandingConferencegMUC-6, 1995;

MUC-7, 1997), the Information Retrieval and Ex-

tractionConferencgIREX, 1999),the Conferences
on Natural LanguagelLearning (Tjong Kim Sang,

2002; Tjong Kim Sangand De Meulder 2003),

andthe recentAutomatic ContentExtraction Con-

ference(ACE, 2002).

A variety of algorithmshave beenproposedfor
NE recognition. Marny of thesealgorithmsare, in
principle, language-independe However, when
applying these algorithms to languagessuch as
Chineseand Japanesewe must deal with cer
tain language-specifitssues: for example, should
we build a charactebasedmodelor a word-based
model?how do word segmentatiorerrorsaffect NE
recognitionzhow shouldword segmentatiorandNE
recognitioninteractwith eachother? Besidesword
sgmentatiorrelatedissues,Chinesedoesnot have
capitalizationwhichis avery usefulfeaturein iden-
tifying NEs in languagesuchasEnglish, Spanish,
or Dutch. How doesthelack of featuressuchascap-
italizationaffect the performance?

In the first part of this paper we discussthese
language-specifigssuesin Chinese NE recogni-
tion. In particular we usea hiddenMarkov model
(HMM) systemasan example,anddiscussvarious
issuegelatedo applyingtheHMM classifierto Chi-
nese.The HMM classifieris similar to the onede-
scribedin (Bikel etal., 1999).

In the secondpart of this paper we investigate
the combinationof a setof diverseNE recognition
classifiers. Four statisticalclassifiersare combined
in the experiments,including the abore-mentioned
hidden Markov model classifier a transformation-
basedlearning classifier (Brill, 1995; Florian and
Ngai, 2001),a maximumentrogy classifier(Ratna-
parkhi,1999),andarobustrisk minimizationclassi-
fier (Zhangetal., 2002).

The remainderof this paperis organizedasfol-
lows: Section2 describeghe experimentdata,Sec-
tion 3 discussespecificissuesrelatedto Chinese
NE recognition,Section4 presentghe four classi-
fiersandapproaches combiningtheseclassifiers.



2 Data

We usedthreeannotatedChinesecorporain our ex-
periments.

The IBM-FBIS Corpus

The ForeignBroadcastnformation Service(FBIS)
offers an extensve collection of translationsand
transcription®of opensourcenformationmonitored
worldwide on diversetopics such as military af-

fairs, politics, economicsandscienceandtechnol-
ogy. The IBM-FBIS corpus consistsof approxi-
mately 3,000 Chinesearticlesobtainedfrom FBIS
(about3.2million Chinesecharacterdn total). This
corpuswastaggedby a native Chinesespealer with

32 NE catayories,suchasperson,location, organi-
zation,country people date time percentaye, car-

dinal, ordinal, product, substanceand salutation

Thereareapproximately300,000NEs in the entire
corpus,16%of whicharelabeledasperson 16%as
organization and11%aslocation

The IBM-CT Corpus

The ChineseTreebank(Xia et al., 2000), avail-
able from Linguistic Data Consortium,consistsof
a100,000word (approximatelyl60,000characters)
corpusannotatedvith word segmentation part-of-
speechtags, and syntacticbracleting. It includes
325 articlesfrom Xinhua newvswire between1994
and1998.ThesameChineseannotatomwho worked
ontheabove IBM-FBIS dataalsoannotatedhe Chi-
neselreebanldatawith NE information,henceforth
thelBM-CT corpus,usingthesame32 catejoriesas
mentionedabove.

The IEER data

The National Institute of Standardand Technol-
ogy organizedthe Information Extraction— Entity

Recognition(IEER) evaluation,which involves en-

tity recognitionfrom textual informationsourcesn

both Englishand Mandarin. The Mandarintraining

dataconsistsof approximatelyl0 hoursof broad-
cast news transcriptscomprisedof approximately
390stories.Thetestdataalsocontaingranscriptsof

broadcashews!. Thetrainingdataincludesapprox-
imately170,000characterandthetestdataincludes
approximately6,500 characters.Ten cateyories of

NEswereannotatedsuchasperson,location,orga-

nization,date duration,andmeasue.

10thertypesof testdatawerealsousedin IEER evaluation,
including newswire text andreal automaticspeechrecognition
transcriptsput we did not usethemin our experiments.

3 Language-Specifidssuesin ChineseNE
Recognition

Chinesedoesnot have delimiters betweenwords,
so a key designissuein ChineseNE recognition
is whetherto build a charactebasedmodel or a
word-basedmodel. In this section,we usea hid-

denMarkov modelNE recognitionsystemasan ex-

ampleto discusdanguage-specifissuesn Chinese
NE recognition.

3.1 The Hidden Mark ov Model Classifier

NE recognitioncanbe formulatedasa classification
task, wherethe goal is to label eachtoken with a

tag indicating whetherit belongsto a specificNE

or is not partof ary NE. The HMM classifierused
in our experimentsfollows the algorithmdescribed
in (Bikel et al., 1999). It performssequencelas-
sificationby assigningeachtoken eitheroneof the
NE typesor thelabel “O” to representoutsideary

NE”. The statesn the HMM areorganizedinto re-

gions,oneregion for eachtype of NE plus onefor

“O”. Within eachof the regions, a statisticallan-

guagemodelis usedto computethe likelihood of

words occurringwithin that region. The transition
probabilitiesare smoothedvy deletedinterpolation,
andthe decodingis performedusingthe Viterbi al-

gorithm.

3.2 Character-Based,Word-Based,and
Class-BasedModels

To build a modelfor identifying ChineseNEs, we
needto determinghe basicunit of themodel: char
acteror word. On onehand,the word-basednodel
is attractie sinceit allows the systemto inspecta
larger window of text, which may leadto morein-
formative decisions Onthe otherhand,aword sey-
menteris noterrorproneandtheseerrorsmayprop-
agateandresultin errorsin NE recognition.

Two systemsa charactebasedHMM modeland
aword-basedHMM model,werebuilt for compar
ison. The word segmenterusedin our experiments
relies on dictionariesand surroundingwordsin lo-
cal contet to determinethe word boundariesDur-
ing training,theNE boundariesvereprovidedto the
word segmenter;the latter is restrictedto enforce
word boundariesteachentity boundary Therefore,
at training time, the word boundariesare consistent
with the entity boundaries. At testtime, however,
theseggmenteicouldcreatevordswhichdonotagree
with the gold-standarentity boundaries.



Corpus| Model Prec Rec | Fj_i
Character| 74.36% | 80.24%| 77.19
IBM- | Word 72.46%)| 75.97%| 74.17
FBIS | Class 72.74%)| 76.20%| 74.43
Character| 74.57%| 78.01%| 76.25
IEER | Word 77.51%)| 65.22%| 70.83
Class 77.21%)| 64.36%| 70.20

Tablel: Performancef the charactebasedHMM

model,the word-basedHMM model,andtheclass-
basedHMM model. (Theprecision,recall, and F-

measue presentedn this table and throughoutthis
paperare basedon correct identificationof all the
attributes of an NE, including boundary content,
andtype)

The performanceof the charactebasedmodel
andtheword-basedanodelareshavnin Tablel. The
two corporausedin the evaluation,the IBM-FBIS
corpusandthe IEER corpus,differ greatly in data
size andthe numberof NE types. The IBM-FBIS
training dataconsistsof 3.1 million charactersand

the correspondindestdatahas270,000characters.

As we canseefrom the table,for both corpora,the
charactetbhasedmodel outperformsthe word-based
model,with aleadof 3t0 5.5in F-measureTheper
formancegap betweentwo modelsis larger for the
IEER datathanfor the IBM-FBIS data.

We alsobuilt aclass-baseME model. After word
sgmentation,classtags suchas numbey chinese-
name foreign-name date and percentare usedto
replacewordsbelongingto theseclasses.Whether
a word belongsto a specific classis identified by
a rule-basednormalizer The performanceof the
class-basetHMM modelis alsoshavn in Table1.
For the IBM-FBIS corpus,the class-basednodel
outperformsthe word-basedmodel; for the IEER
corpus, the class-basednodel is worse than the
word-basedmodel. In both casesthe performance
differencebetweenthe word-basedmodel and the
class-basednodel is very small. The character
basedmodel outperformsthe class-basednodelin
bothtests.

A more careful analysisindicatesthat although
the word-basedmodel performs worse than the
charactebasedmodel overall in our evaluation, it
performsbetterfor certainNE types. For instance,
the word-basedmodel has a better performance
for the organization category than the character
basedmodel in both tests. While the character
basednodelhasanF-measuref 65.07(IBM-FBIS)
and 64.76 (IEER) for the organization cateyory,

theword-basednodelachievesF-measurecoref
69.14 (IBM-FBIS) and 72.38 (IEER) respectiely.
Onereasommay be that organizationnamegsendto
containmary charactersandsincethe word-based
modelallows the systemto analyzea largerwindow
of text, it is morelikely to malke a correctguess.
We canintegratethe charactebasedmodelandthe
word-basednodelby combiningthe decisiondrom
the two models. For instance,if we usethe de-
cisionsof the word-basednodelfor the organiza-
tion cateyory, but usethedecisionsof thecharacter
basedmodelfor all the other catayories, the over-
all F-measureggoesup to 76.91for the IEER data,
higherthanusingeitherthecharactebasedrword-
basedmodel alone. Anotherway to integrate the
two modelsis to usea hybrid model— startingwith
a word-basedmodel and backing off to character
basedmnodelif thewordis unknavn.

3.3 Granularity of Word Segmentation

We believe that one main reasonfor the lower per

formanceof the word-basednodelis thatthe word

granularity defined by the word segmenteris not

suitablefor the HMM model to perform the NE

recognitiontask. Whatexactly constitutesa Chinese
word hasbeena topic of major debate.We arein-

terestedn whatis the bestword granularityfor our

particulartask.

To illustratethe word granularityproblemfor NE
tagging,we take personnamesasan example. Our
word segmentemarksapersons nameasoneword,
consistentvith the corventionusedby the Chinese
treebankand mary other word seggmentationsys-
tems.While thismaybeusefulin otherapplications,
it is certainlynot a good choicefor our NE model.
Chinesenamestypically containtwo or threechar
acterswith family nameprecedindirst name.Only
alimited setof charactersreusedasfamily names,
while the first namecanbe ary character(s)There-
fore, the family nameis a very importantand use-
ful featurein identifying an NE in the personcate-
gory. By combiningthe family nameandthe first
nameinto oneword, this importantfeatureis lost to
the word-basednodel. In our tests,the word-based
modelperformsmuchworsefor the personcatejory
thanthecharactebasedmodel. We believe that,for
thepurposenf NE recognitionjt is betterto separate
thefamily namefrom thefirstnamein wordsegmen-
tation,althoughthisis notthecorventionusedin the
Chinesdreebank.

Other examples include the segmentation of



wordsindicatingdatescountries)ocations percent-
ages,measuresand ordinals. For instance,“July

4th” is expressedy four characters7th month4th

day” in Chinese. The word sggmentermarksthe
four charactersasa singleword; however, the sec-
ondandthelastcharacteareactuallygoodfeatures
for indicating date, sincethe datesare usually ex-

pressedisingthesamestructurg(e.g.,“March 25th”

is expressedy “3r d month25th day” in Chinese).
For reasonssimilar to the above, we believe thatit

is betterto separateharactersepresentingmonth”

and“day”, ratherthan combiningthe four charac-
tersinto oneword. A similar problemcan be ob-

senedin Englishwith tokenssuchas“61-yearold

man” if oneis interestedin identifying a persons

age,in whichcaseyear’ and’old’ aregoodfeatures
for predication.

The above analysissuggestdhat a betterway to
apply a word segmenterin an NE systemis to first
adaptthe sgmentersothatthe sggmentatiorgranu-
larity is more appropriateto the particulartaskand
model. As aguideline,charactershataregoodfea-
turesfor identifying NEs shouldnot be combined
with other charactersinto word. Additional ex-
amplesinclude charactergxpressing‘percent”and
charactersepresentingnonetarymeasures

3.4 The Effect of SegmentationErr ors

Word segmentationerrors can lead to mistales in
NE recognition. Supposean NE consistsof four
characters(Cy, Cs, Cs5,Cy), if the word segmen-
tation meges C; with a characterprecedingit,
thenthis NE cannotbe correctly identified by the
word-basednodelsincetheboundarywill beincor
rect. Besidesinducing NE boundaryerrors,incor
rectword segmentationalsoleadsto wrong match-
ings betweentraining examplesand testing exam-
ples,whichmayresultin mistalesin identifying en-
tities.

We computedheupperboundfor theword-based
modelfor the IBM-FBIS testpresentedn Tablel.
The upperbound of performanceis computedby
dividing the total number of NEs whose bound-
ariesarealsorecognizedasboundariesy theword
sgmenterby the total numberof NEs in the cor
pus, which is the precision,recall, and also the F-
measure. For the IBM-FBIS testdatain Table 1,
theupperboundof theword-basednodelis 95.7F-
measure.

We alsodid thefollowing experimentto measure
the effect of word segmentationerrors: we gave

the boundarief NEsin the testdatato the word
segmenterand forced it to mark entity boundaries
asword boundaries.This eliminatesthe word say-
mentationerrorsthatinevitably resultin NE bound-
ary errors. For the IBM-FBIS data,the word-based
HMM model achieves 76.60 F-measurewvhen the
entity boundariesn thetestdataaregiven, andthe
class-basethodelachiaves77.77F-measurehigher
than the 77.19 F-measureby the charactebased
modelin Tablel. For the IEER data,the F-measure
of the word-basedmodel improves from 70.83to
73.74whenthe entity boundariesaregiven,andthe
class-basethodelimprovesfrom 70.20to 72.47.

This suggestghat with the improvementin Chi-
neseword segmentationtheword-basedanodelmay
achiere comparableor betterperformancehanthe
charactetbasedmodel.

3.5 Lexical Features

Capitalizationin English gives good evidence of

names.Our HMM classifierfor English usesa set
of word-featuresto indicate whethera word con-
tains all capitalizedletters, only digits, or capital-
ized lettersandperiod,asdescribedn (Bikel etal.,

1999). However, Chinesedoesnot have capitaliza-
tion. Whenwe appliedtheHMM systento Chinese,
we retainedsuchfeaturessinceChineseext alsoin-

clude digits and romanwords (suchasin product
or compary hames)In anattemptto investigatehe
usefulnessf suchfeaturedor Chineseweremoved
themfrom the systemand obsered very little dif-

ferencein overall performancg0.4 differencein F-

measure).

3.6 Sensitvity to Corpus and Training Size
Variation

To testthe robustnesof the model, we trainedthe
systenonthe100,000wvord IBM-CT dataandtested
on the samelBM-FBIS data. The charactebased
model achieves 61.36 F-measureand the word-
basedmodel achieres 58.40 F-measurecompared
to 77.19and74.17 respectiely, usingthe 20 times
largerIBM-FBIS trainingset. Thisrepresentanap-
proximately20% relative reductionin performance
whentrainedon arelatedyetdifferentandconsider
ably smallertraining set. We planto investigatefur-
ther the relation betweencorpustype and size and
performance.



4 Classifier Combination

This sectioninvestigateshe combinationof a setof

classifierdor NE recognition.Wefirst introducethe
classifierausedin ourexperimentsandthendescribe
thecombinationmethods.

4.1 The Classifiers

Besidegshe HMM classifiermentionedn the previ-
oussectionthefollowing threeclassifiersvereused
in theexperiments.

4.1.1 The Transformation-BasedLearning
(fnTBL) Classifier

Transformation-baselarningis an errordriven
algorithm which hastwo major steps: it startsby
assigningsomeclassificationto eachexample,and
thenautomaticallyproposing gvaluatingandselect-
ing the classificationchangesthat maximally de-
creasdhenumberof errors.

TBL has someattractve qualities that make it
suitablefor the language-relatedasks: it can au-
tomaticallyintegrateheterogeneouypesof knowl-
edgewithouttheneedfor explicit modeling(similar
to Snav (Daganet al., 1997), Maximum Entropy,
decisiontrees,etc); it is error-driven, thusdirectly
minimizesthe ultimate evaluationmeasure:the er
ror rate. The TBL toolkit usedin this experimentis
describedn (FlorianandNgai, 2001).

4.1.2 The Maximum Entropy Classifier
(MaxEnt)

The model used here is basedon the maxi-
mum entropy modelusedfor shallaw parsing(Rat-
naparkhi, 1999). A sentencewith NE tagsis
corverted into a shallaw tree: tokens not in ary
NE are assignedan “O” tag, while tokens within
an NE are representedas constituentswhose la-
bel is the same as the NE type. For exam-
ple, the annotatedsentencel will fly to (LO-
CATION New York) (DATEREF tomorraw)” is
representedas a tree “(S 1/0 will/O fly/O to/O
(LOCATION New/LOCATION York/LOCATION)
(DATEREFtomorrav/DATEREF))”. Oncean NE
is representedsa shallav tree,NE recognitioncan
berealizedby performingshallav parsing.

We usethetaggingandchunkingmodeldescribed
in (Ratnaparkhi,1999)for shallav parsing. In the
taggingmodel,the context consistsof a window of
five tokens (including the token being taggedand
two tokensto its left andtwo tokensto its right) and
two tagsto theleft of the currenttoken. Five groups

of featuretemplatesareused:token unigram,token
bigram, token trigram, tag unigramandtag bigram
(all within the context window). In the chunking
model, the contet is limited to a window of three
subtreestheprevious,currentandnext subtree Un-
igram andbigramchunk (or tag) labelsareusedas
features.

4.1.3 The Robust Risk Minimization (RRM)
Classifier

This systemis a variant of the text chunking
systemdescribedn Zhangetal. (2002, wherethe
NE recognitionproblemis regardedasa sequential
token-basedaggingproblem. We denoteby {w;}
(z = 0,1,...,m) the sequenceof tokenizedtext,
which is the input to our system. In token-based
tagging,the goalis to assigna class-labek; to ev-
erytokenw;.

In our system this is achieed by estimatingthe
conditionalprobability P(t; = c|z;) for every pos-
sibleclass-labeValuec, wherez; is afeaturevector
associatedvith tokeni. Thefeaturevectorz; can
dependn previously predictedclass-label§t; }<;,
but the dependeng is typically assumedo be lo-
cal. Given sucha conditional probability model,
in the decodingstage,we estimatethe bestpossi-
ble sequenc®f t;'s usinga dynamicprogramming
approach.

In our system,the conditionalprobability model
hasthefollowing parametridorm:

P(t; = clas, {ti—e,-. ., ti1}) = T(wl @i + be),

whereT'(y) = min(1, max(0,y)) is thetruncation
of y into the intenal [0, 1]. w, is a linear weight
vectorand b, is a constant. Parameterav,. and b,
canbeestimatedrom thetrainingdata.

This classificationmethodis basedon approxi-
mately minimizing the risk function. The general-
ized Winnow methodusedin (Zhanget al., 2002)
implementssucharobustrisk minimizationmethod.

4.1.4 Performanceof the Classifiers

We comparedhe performanceof thefour classi-
fiers by training andtestingthemon the samedata
sets. We divided the IBM-FBIS corpusinto three
subsets2.8 million charactergor training, 330,000
charactersfor developmenttesting, and 330,000
characterdor testing. Table 2 shaws the resultsof
eachclassifierfor the developmenttestsetandthe
evaluationset. The RRM andfnTBL classifiersare
thebestperformerdor thetestset,followedby Max-
Ent. The HMM classifierlags behindby around6



DevelopmentTest Test
Precision| Recall | F-measurg Precision| Recall | F-measureg
Baselinel| 17.52% | 24.92% 20.58 14.04% | 20.52% 16.67
Baseline2| 77.86% | 45.26% 57.24 71.06% | 40.22% 51.37
HMM 71.38% | 80.92% 75.85 71.73% | 77.55% 74.53
MaxEnt 83.82% | 78.08% 80.85 85.43% | 75.22% 80.00
fnTBL 76.85% | 81.55% 80.08 82.06% | 80.68% 81.36
RRM 82.83% | 81.06% 81.89 84.53% | 78.64% 81.48

Table2: Baselinesaandperformancef the four classifiers.

pointsin F-measurdrom the bestsystem.The pre-
sentedesultsarefor charactebasedmodels.

For comparisonye alsocomputedwo baselines:

onein which eachcharacteis labeledwith its most
frequentlabel (Baselinelin Table 2), and onein

which eachentity that was seenin training datais

labeledwith its mostfrequentclassification(Base-
line2 in Table 2 - this baselineis computedusing
the softwareprovided with the CoNLL-2003shared
task(Tjong Kim SangandDe Meulder 2003)).

4.2 Combination

The four classifiersdiffer in multiple dimensions,
makingthemgoodcandidate$or combination.We

exploredvariouswaysto combinethe resultsfrom

thefour classifiers.

4.2.1 Combination algorithms

For the first part of the experimentalsetup,we
consider the following classification framework:
giventhe (probabilistic)outputPr; (-|w) of n classi-
fiersCy, ..., C,, theclassifiercombinationproblem
can be viewed a probability interpolationproblem
— computethe classprobability distribution condi-
tionedonthejoint classifieroutput:

P(Clw,C}) = f ({Pri (Clw,C)}ey ) (D)

whereC; is the i" classifiers output, w is an ob-
senable contet (e.g.,a word trigram) and f is a
combinatiorfunction. A commonlyusedcombining
schemads throughlinearinterpolationof the classi-
fiers’ classprobability distributions:

Y P(Clw,i,C;) - P (iw)

i=1

i=1

P(Clw,CT) =~

Theweights); (w) encodethe importancegivento
classifier: in combination,for the context w, and

P; (Clw, C;) is anestimationof the probability that
the correctclassificationis C', given thatthe output
of the classifieri on context w is C;. Theseparam-
etersfrom Equation(2) canbe estimatedif needed,
ondevelopmentata.

Table 3 presentsthe combination results, for
different ways of estimatingthe interpolationpa-
rameters. A simple combination method is the
equal voting method (van Halterenet al., 2001;
Tjong Kim Sangetal., 2000),wherethe parameters
are computedas \; (w) = 1 and P, (Clw,C;) =
0 (C, C;), ¢ beingthe Kronecler operator:

1 2=y
s ={ g 257
In other words, eachof the classifiersvotes with
equalweight for the classthatis mostlikely under
its model, andthe classreceving the largestnum-
ber of voteswins (i.e., it is selectedasthe classifi-
cationoutput). However, this proceduranayleadto
ties, wheresomeclassificationgeceve anidentical
numberof votes— one usuallyresortsto randomly
selectingoneof thetied candidatesn this case- Ta-
ble 3 presentghe averageresultsobtainedby this
method togethemwith thevarianceobtainedover 30
trials. To make the decisiondeterministically the
weightsassociatedvith the classifierscan be cho-
senas\; (w) = 1 — P; (error). In this method,
presentedn Table3 asweightedvoting betterper
forming classifierswill have a higherimpacton the
final classification.

In the previously describednethodsalsoknown
asvoting, eachclassifiergave its entirevote to one
classification— its own output. However, Equa-
tion (2) allows for classifiersto give partial credit
to alternatve classificationsthroughthe probabil-
ity P; (C|lw, C;). In theexperimentgdescribechere,
this valueis computeddirectly on the development
data. However, the spaceof possiblechoicesfor C,
w and C; is large enoughto make the estimation



| |Precision| Recall |F-measur43
| 8453 | 7864 | 8148 |

| BestClassifier

Equalweightvoting |85.2+0.03/81.7+0.02/83.3+0.02
Weightedvoting 86.04 80.63 83.24
Model 1 83.07 82.10 82.58
Model 2 86.3 77.55 81.69
RRM 89.01 79.61 84.05
RRM+ flags 88.96 79.84 84.18
RRM+I0OB1+I0B2 88.5 80.46 84.29

| Oracle | 916 | 923 | 9195 |

Table3: Classifiercombinationresults.

unreliable,so we usetwo approximationsnamed
Model 1 andModel 2 in Table3: P, (C|w,C;) =
P; (C|lwg)? and P; (C|w, C;) = P; (C|C;), respec-
tively. Both probability distributions are estimated
as smoothedrelative frequencieson the develop-
ment data. Interestingly both methodsunderper
form the equalvoting method,a fact which canbe
explainedby inspectingthe resultsin Table 2: the
fnTBL methodhasanaccurag (computedndevel-
opmentdata)lower thanthe MaxEnt accurayg, but
it outperformsthe latter on the testdata. Sincethe
parameters® (C|w, C;) arecomputedbn thedevel-
opmentdata,they are probablyfavoring the Max-
Ent method resultingin lower performanceOnthe
otherhand,the equalvoting methoddoesnot suffer
from this problem,asits parametersrenot depen-
dentonthedevelopmentdata.In alastsetof exper
iments,we extendthe classificationframewvork to a
larger space,in which we computethe conditional
classprobability distribution conditionedon an ar-
bitrary setof features:

plas) -5 ((r(emn)),, ) ©

This setupallows us to still usethe classifications
of individual systemsasfeatureshut alsoallows for
othertypesof conditioningfeatures- for instance,
onecanusethe outputof ary classifier(e.g.,POS
tags,text chunklabels,etc)asfeatures.

In the describedexperiments,we usethe RRM
methodto computethe function f in Equation(3),
allowing the systemto selecta good performing
combinationof features. At training time, the sys-
temwasfed the outputof eachclassifieron the de-
velopmentata,and,in subsequergxperimentsthe
systenmwasalsofed aflag streamwhich briefly iden-
tifies someof thetokens(numbersromanizedchar

2wo is theword associateavith the context w.

actersgetc)andtheoutputof eachsystemin adiffer-
entNE encodingscheme.

In all the voting experiments,the NEs were en-
codedin an|OB1 schemesinceit seemdo bethe
most amenableto combination. Briefly, the 1I0B
generalencoding schemeassociatesa label with
eachword, correspondingo whetherit beginsaspe-
cific entity, continuegheentity, or is outsideary en-
tity. Tjong Kim SangandVeenstrg1999 describes
in detailthelOB schemesThefinal experimentalso
hasaccesdo the output of systemstrainedin the
I0OB2 encoding. The addition of eachfeaturetype
resultedin betterperformancewith the final result
yielding a 10%relative decreasef F-measurerror
when comparedwith the bestperformingsysterd.
Table3 alsoincludesan upperboundon the classi-
fier combinationperformance the performanceof
the switch oracle,which selectshe correctclassifi-
cationif atleastoneclassifieroutputsit.

Table 3 shaws that, at least for the examined
typesof combination,using a robust feature-based
classifierto computethe classificationdistribution
yields betterperformancehancombiningthe clas-
sificationsthrougheither voting or weightedinter
polation. The RRM-basedclassifieris able to in-
corporateheterogenousnformation from multiple
sources,obtaining a 2.8 absolute F-measureim-
provementversusthe bestperformingclassifierand
1.0F-measur@ainoverthenext bestmethod.

5 RelatedWork

Sunetal. (2002 proposesto use a class-based
modelfor ChineseNE recognition. Specifically it
usesa charactebasedtrigram model for the class
person a word-basednodelfor the classlocation
anda morecomplicatednodelfor the classorgani-
zation This decisionis consistentvith our obsenra-
tion thatthe charactebbasedmodel performsbetter
thanthe word-basednodelfor classesuchasper
son but is worsefor classesuchasorganization
SekineandEriguchi (2000 providesanoverviev
of JapaneseNE recognition. It presentsthe re-
sults of 15 systemsthat participatedin an evalua-
tion projectfor Information Retrieval and Informa-
tion Extraction(IREX, 1999). Utsuroetal. (2002
studiescombiningoutputsof multiple Japanes&lE
systemdy stacking. A secondstageclassifier—in
this case,a decisionlist — is trainedto combinethe
outputsfrom first stageclassifiers. This is similar

SMeasurechsF, = 1 — F.



in spirit to our applicationof the RRM classifierfor
combiningclassifieroutputs.

Classifier combination has been shavn
to be effectve in improving the perfor
mance of NLP applications, and have been
investigated by  Brill andWu (1998 and
vanHalterenetal. (2001) for part-of-speechtag-
ging, TjongKim Sangetal. (2000 for basenoun
phrase chunking, and Florianetal. (20033 for
word sensalisambiguationAmongtheinvestigated
techniqueswere voting, probability interpolation,
andclassifierstacking.We alsoappliedtheclassifier
combinationtechniquediscussedn this paperto
EnglishandGerman(Florianetal., 2003b).

6 Conclusion

In this paper we discusstwo topicsrelatedto Chi-

neseNE recognition:dealingwith language-specific

issuessuchas word segmentation,and combining
multiple classifiersto enhancethe systemperfor
mance.In thedescribedexperimentsthe character
based model consistently outperformsthe word-
basednodel- onemajorreasorfor this factis that
the sgmentatiorgranularitymight not be suitedfor
this particulartask. Combiningfour statisticalclas-
sifiers,including a hiddenMarkov modelclassifiey
a transformation-baselbarning classifiey a maxi-
mumentropy classifiey anda robustrisk minimiza-
tion classifier significantlyimprovesthesystenper
formance,yielding a 10% relative reductionin F-
measurearrorover the bestperformingclassifier
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