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1 Introduction
In this paper, we presenta learning method us-
ing multiple stackingfor namedentity recognition.
In order to take into accountthe tags of the sur-
roundingwords,we proposea methodwhich em-
ploys stackedlearnersusing the tagspredictedby
the lower level learners.We have appliedthis ap-
proachto the CoNLL-2002sharedtaskto improve
a basesystem.

2 System Description
Beforedescribingour system,let usseeoneaspect
of the namedentity recognition,the outline of our
method,andtherelationto thepreviousworks.

The taskof namedentity recognitioncanbe re-
gardedasa processof assigninga namedentity tag
to eachgivenword,takinginto accountthepatterns
of surroundingwords. Supposethat a sequenceof
wordsis givenasbelow:

... W ��� , W ��� , W � , W � , W � ...

Then,giventhatthecurrentpositionis atword W � ,
thetaskis to assigntagT � to W � .

In thenamedentity recognitiontask,an entity is
often madeup of a sequenceof words,ratherthan
a singleword. For example,an entity “the United
Statesof America” consistsof five words. In order
to allocatea tag to eachword, the tagsof the sur-
roundingwords(we call thesetagsthesurrounding
tags) can be a clue to predict the tag of the word
(we call this tag the current tag). For the testset,
however, thesetagsareunknown.

In orderto takeinto accountthesurroundingtags
for the predictionof the currenttag, we proposea
methodwhich employsmultiple stackedlearners,
an extensionof stackingmethod(Wolpert, 1992).
Stackingbasedmethodfor namedentityrecognition
usually employstwo or more level learners. The
higher level learnerusesthe currenttagspredicted

by its lower level learners.In our method,by con-
trast,thehigherlevel learnerusesnot only thecur-
rent tag but alsothe surroundingtagspredictedby
the lower level learner. Our aim is to leveragethe
performanceof thebasesystemusingthesurround-
ing tagsasthefeatures.

At least two groupshave previously proposed
systemswhich usethe predictedsurroundingtags.
Onesystem,proposedby vanHalterenetal. (1998),
alsousesstackingmethod. This systemusesfour
completelydifferent types of taggersas the first
level learners,becauseit hasbeenassumedthatfirst
level learnersshouldbeasdifferentaspossible.The
tagspredictedby thefirst level learnersareusedas
thefeaturesof thesecondlevel learner.

The othersystem,proposedby (Kudo andMat-
sumoto,2000;Yamadaet al., 2001),usesthe ”dy-
namicfeatures”.In thetestphase,thepredictedtags
of thepreceding(or subsequent)wordsareusedas
the features,which arecalled“dynamic features”.
In the training phase,the systemusesthe answer
tagsof the preceding(or subsequent)wordsasthe
features.

More detailed descriptionsof our system are
shown below:

2.1 Learning Algorithm

As thelearningalgorithmfor all thelevels, we use
an extensionof AdaBoost,the real AdaBoost.MH
which is extendedto handlemulticlassproblems
(SchapireandSinger, 1999).For weaklearners,we
usedecisionstumps(Schapireand Singer, 1999),
which selectonly onefeatureto classifyan exam-
ple.

2.2 Features

We usethe following typesof the featuresfor the
predictionof thetagof theword.

� surfaceform of W �	� , W ��� , W � , W � andW � .



WordFeature ExampleText
Digit 25
Digit+Alphabet CDG1
Symbol .
Uppercase EFE
Capitalized Australia
Lowercase(wordlength 
�� characters) necesidad
Lowercase(wordlength 
�� characters) del
Other hoy,

Table1: Word featuresandexamples

� One of the eight word featuresin Table 1.
These featuresare similar to those used in
(Bikel et al., 1997).

� First andlasttwo/threelettersof W �
� Estimatedtag of W � basedon the word uni-

grammodelin thetrainingset.

Additionally, we usethesurroundingtagfeature.
This featureis discussedin Section2.3.

2.3 Multiple Stacking

In order to take into accountthe tags of the sur-
roundingwords,our systememploysstackedlearn-
ers. Figure1 givesthe outline of the learningand
applyingalgorithmof our system. In the learning
phase,thebasesystemis trainedat first. After that,
thehigherlevel learnersaretrainedusingword fea-
tures(describedin Section2.2), currenttagT � and
surroundingtagsT �	������������� � predictedby the lower
level learner. While thesetagmaynot becorrectly
predicted, if the accuracy of the predictionof the
lower level learneris improved,thefeaturesusedin
eachpredictionbecomeaccurate. In the applying
phase,all of thelearnersarecascadedin theorder.

Comparedto theprevioussystems(vanHalteren
et al., 1998; Kudo andMatsumoto,2000; Yamada
et al., 2001), our systemis: (i) employingmore
thantwo levels stacking,(ii) usingonly onealgo-
rithm and training only one learnerat eachlevel,
(iii) using the surroundingtag given by the lower
level learner. (iv) usingboththeprecedingandsub-
sequenttagsasthefeatures.(v) usingthepredicted
tagsinsteadof theanswertagsin thetrainingphase.

3 Experiments and Results

In this section,theexperimentalconditionsandthe
resultsof theproposedmethodareshown.

In order to improve the performanceof the base
system,the tagsequenceto be predictedis format-
ted accordingto IOB1, even thoughthe sequence

Let L � denotethe � th level learnerand let T � ���� denote� th
level outputtagsfor W � .
Learning:

1. Train thebaselearnerL � usingthefeaturesdescribedin
Table1.

2. for � = 1,...,N
� GetT � ������� of thetrainingsetusingL ����� , thefea-

turesdescribedin section2.2(andT � ��� �!��"� , T � ���"�!��#� ,

T � ���"�!�� , T � ���"�!�� , T � ��� �!�� if �$
 1).� TrainL � usingthefeaturesdescribedin section2.2
andT � ��������"� , T � ��������#� , T � ���#���� , T � �������� , T � �������� .

3. OutputL � , L � ,...,L% .

Applying:

1. for k = 0,...,N

� Get T � ��� of test set using L � , the featuresde-
scribedin section2.2(andT � ���#����"� , T � ���������� , T � �������� ,

T � �������� , T � �������� if �&
 0).

2. OutputT � %'� .
Figure1: Outlineof multiple stackingalgorithm

in the original corpuswas formattedaccordingto
IOB2 (TjongKim SangandVeenstra,1999).

To reducethe computationalcost, featuresap-
pearingfewer thanthreetimesareeliminatedin the
trainingphase.

3.1 Base System

To evaluatethe effect of multiple stackingin the
next section,the performanceof the basesystem
is shown in Figure 2. A performancepeakis ob-
servedafter10,000roundsof boosting.Notethata
decisionstumpusedin therealAdaBoost.MHtakes
into accountonly one feature. Hencethe number
of featuresusedby realAdaBoost.MHis lessthan
the numberof the rounds. In our experiment,be-
causethe roundsof boostingarealwayslessthan
the numberof the features(about40,000),a large
proportionof featuresarenot usedby the learners.
If theroundsof boostingin thebasesystemarenot
enough,stackingeffect may be similar to increas-
ing the roundsof boosting. In Figure2, however,
wecanseethat10,000roundsis enough.

3.2 Multiple Stacking

We examine the effect of multiple stackingcom-
paredto thebasesystem.

TheF(*)+� scoreof multiplestackingfor theSpan-
ishtestset(esp.testa)is shown in Table2. By stack-
ing learners,the scoreof eachnamedentity is im-
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Figure2: F(*)+� scoreof thebasesystem

n overall LOC MISC ORG PER
L � 60.94 64.12 33.61 61.37 70.91
L � 65.68 67.35 40.04 66.26 74.82
L � 66.91 68.02 41.69 67.38 75.51
L - 67.24 67.96 41.76 67.95 75.77
L . 67.35 67.81 42.75 67.91 75.89
L / 67.35 67.78 42.30 67.95 75.99
L 0 67.30 67.57 42.12 68.01 76.01

Table2: F(*)+� scoreof stackedlearner

proved. Comparedto theoverall F(*)1� scoreof L � ,
the scoreof L � , stackingonelearnerover the base
system,is improved by 4.74 point. Furthermore,
comparedto the scoreof L � , the scoreof L 2 is
higher by 1.67 point. Through five iterationsof
stacking,the scoreis continuouslyincreased.The
overall scoresfor the six testsarebriefly shown in
Table3. The effect of two level stackingis higher
for theSpanishtests.However, multiple stakingef-
fects greaterfor the Dutch test, especiallyfor the
corpuswithout partof speech.As discussedin Sec-
tion 3.1, theimprovementof thescoreis not dueto
the roundsof boosting. Thus, it is dueto multiple
stacking.

In Table2, stackingeffectsfor MISC andORG
appeargreaterthan thosefor LOC and PER.It is
reasonableto supposethatMISC andORGentities
consistof a relatively long sequenceof words,and
thesurroundingtagscanbegoodcluesfor thepre-
diction of the currenttag. Indeed,in the Spanish
training set, the ratiosof entitieswhich consistof
morethanthreewordsare9.7%,22.4%,4.4%and
3.5%for ORG,MISC, LOC andPERrespectively.

Table4 and5 show examplesof thepredictedtags
throughthe stackedlevel. Let us seehow multi-
ple stackingworks usingthe examplesin Table5.
Let theword “fin” bethecurrentposition. Thean-
swertagis “I-MISC”. Whenweusethebasesystem

esp.a esp.b ned.a* ned.b* ned.a ned.b
L � 60.94 65.70 55.50 58.04 54.23 57.43
L � 65.68 69.39 56.72 59.18 56.20 58.84
L . 67.35 71.49 58.23 60.74 58.83 60.93

Table3: F(3)+� scoresfor six tests.“*” indicatesuse
of partof speechtags.

Answer L � L � L �
:
Colegio I-ORG I-ORG I-ORG I-ORG
Plico I-ORG I-ORG I-ORG I-ORG
Arias I-ORG I-LOC I-LOC I-ORG
Montano I-ORG I-LOC I-ORG I-ORG
, O O O O
de O O O O
Badajoz I-LOC I-LOC I-LOC I-LOC
:

Table 4: Exampleof the prediction(line 2434 to
2440in esp.testa)

Answer L � L � L � L -
:
el O O O O O
libro O O O O O
“ I-MISC I-MISC I-MISC I-MISC I-MISC
Una I-MISC O I-MISC I-MISC I-MISC
sonrisa I-MISC I-MISC I-MISC I-MISC I-MISC
sin I-MISC O I-MISC I-MISC I-MISC
fin I-MISC O O I-MISC I-MISC
“ I-MISC O O O I-MISC
, O O O O O
:

Table5: Exampleof the prediction(line 16231to
16239in esp.testa)

L � , thepredictedtagof theword is “O”. In thenext
level,L � usesthesurroundingtagfeatures“I-MISC,
O, (O,) O, O” and also outputs“O”. In the third
level, however, L � correctlypredictsthe tag using
thesurroundingtagfeatures“I-MISC, I-MISC, (O,)
O, O”. Note that no otherfeaturechangesthrough
the levels. The improvement in the example is
clearly causedby multiple stacking. As a result,
this MISC entity is allocatedtagscorrectlyby L 4 .
Theaboveeffectwouldnotbeachievedby two level
stacking. This result clearly shows that multiple
stackingmethodhasanadvantage.

Next we examine the effect of the learningal-
gorithm to multiple stacking. We usethe real Ad-
aBoost.MHfor 300, 1,000,3,000,10,000,20,000
rounds.TheirF(*)+� scoresin eachstackinglevel are
plottedin Figure3. The scoreimproves by stack-
ing for all algorithms.Thehighestscoreis achieved
by 10,000iterationsat every stackinglevel. The
shapesof thecurvesin Figure3 aresimilar to each
other. This resultsuggeststhat the stackingeffect



is scarcelyaffectedby theperformanceof thealgo-
rithm.
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Figure3: F(*)+� scoresof differentbasesystem

4 Conclusion
We have presenteda new methodfor recognizing
namedentity by multiple stacking. This method
can leveragethe performanceof the basesystem
employingmultiple stackedlearnerand using not
only the currenttag but also the surroundingtags
predictedby the lower level learner. By stacking5
realAdaBoost.MHlearners,we canobtainF(*)+� of
67.35for theSpanishnamedentityrecognitiontask.
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Spanishdev. precision recall F(*)+�
LOC 59.75% 78.38% 67.81
MISC 40.40% 45.39% 42.75
ORG 67.48% 68.35% 67.91
PER 78.26% 73.65% 75.89
overall 65.09% 69.76% 67.35

Spanishtest precision recall F(*)+�
LOC 70.96% 73.25% 72.08
MISC 41.83% 42.94% 42.38
ORG 68.21% 76.93% 72.31
PER 80.23% 84.49% 82.31
overall 69.04% 74.12% 71.49

Dutchdev. precision recall F(*)+�
LOC 54.87% 65.13% 59.56
MISC 59.12% 65.15% 61.99
ORG 67.95% 51.84% 58.81
PER 47.58% 66.53% 55.48
overall 55.92% 62.05% 58.83

Dutchtest precision recall F(*)+�
LOC 63.79% 73.80% 68.43
MISC 56.89% 59.14% 57.99
ORG 60.16% 53.02% 56.36
PER 52.61% 74.73% 61.75
overall 57.33% 65.02% 60.93

Table6: Overview of theprecision,recallandF(*)+�
of multiplestackingwith 5 =4 and10,000roundsof
boosting. Dutch datais processedwithout part of
speechtags.
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