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Abstract

Statistical machine learning algorithms have
beensuccessfullyappliedto many naturallan-
guageprocessing(NLP) problems.Compared
to manually constructedsystems, statistical
NLP systemsare often easierto develop and
maintainsinceonly annotatedtraining text is
required.Fromannotateddata,theunderlying
statisticalalgorithmcanbuild a modelso that
annotationsfor future data can be predicted.
However, the performanceof a statisticalsys-
tem canalsodependheavily on the character-
istics of the training data. If we apply such
a systemto text with characteristicsdifferent
from thatof thetrainingdata,thenperformance
degradationwill occur. In this paper, we ex-
aminethis issueempiricallyusingthesentence
boundarydetectionproblem. We proposeand
compareseveral methodsthat can be usedto
updatea statisticalNLP systemwhenmoving
to a differentdomain.

1 Introduction

An important issue for a statistical machine learning
basedNLP systemis that its performancecan depend
heavily on thecharacteristicsof thetrainingdatausedto
build the system.Consequentlyif we train a systemon
somedatabut applyit to otherdatawith differentcharac-
teristics,thenthesystem’s performancecandegradesig-
nificantly. It is thereforenaturalto investigatethefollow-
ing relatedissues:� How to detectthechangeof underlyingdatacharac-

teristics,and to estimatethe correspondingsystem
performancedegradation.� If performancedegradationis detected,how to up-
datea statisticalsystemto improve its performance
with aslittle humaneffort aspossible.

Thispaperinvestigatessomemethodologicalandprac-
tical aspectsof the above issues.Although ideally such
a studywould includeasmany differentstatisticalalgo-
rithmsaspossible,andasmany differentlinguistic prob-
lemsaspossible(sothataverygeneralconclusionmight
bedrawn), in realitysuchanundertakingis notonly diffi-
cult to carryout, but alsocanhideessentialobservations
andobscureimportanteffectsthatmaydependon many
variables. An alternative is to studya relatively simple
andwell-understoodproblemto try to gain understand-
ing of the fundamentalissues.Causaleffectsandessen-
tial observationscanbe moreeasily isolatedandidenti-
fiedfrom simpleproblemssincetherearefewervariables
thatcanaffect theoutcomeof theexperiments.

In thispaper, wetakethesecondapproachandfocuson
a specificproblemusinga specificunderlyingstatistical
algorithm.However, we try to useonly somefundamen-
tal propertiesof the algorithm so that our methodsare
readily applicableto othersystemswith similar proper-
ties.Specifically, weusethesentenceboundarydetection
problemto performexperimentssincenot only is it rel-
atively simpleandwell-understood,but it alsoprovides
the basisfor other more advancedlinguistic problems.
Our hopeis thatsomecharacteristicsof this problemare
universalto languageprocessingsothatthey canbegen-
eralizedto morecomplicatedlinguistic tasks.In this pa-
perweusethegeneralizedWinnow method(Zhangetal.,
2002)for all experiments.Applied to text chunking,this
methodresultedin stateof theart performance.It is thus
reasonableto conjecturethat it is also suitableto other
linguistic problemsincludingsentencesegmentation.

Although issuesaddressedin this paperarevery im-
portant for practicalapplications,therehave only been
limited studieson this topic in the existing literature.
In speechprocessing,variousadaptiontechniqueshave
beenproposedfor languagemodeling. However, the
languagemodelingproblemis essentiallyunsupervised
(densityestimation)in the sensethat it doesnot require
any annotation. Thereforetechniquesdevelopedthere
cannotbeappliedto ourproblems.Motivatedfrom adap-



tive languagemodeling,transformationbasedadaptation
techniqueshave also beenproposedfor certain super-
visedlearningtasks(GalesandWoodland,1996). How-
ever, typically they only consideredvery specificstatisti-
cal modelswherethe ideais to fit certaintransformation
parameters.In particularthey did not considerthe main
issuesinvestigatedin thispaperaswell asgenerallyappli-
cablesupervisedadaptationmethodologiessuchaswhat
wepropose.In fact,it will beverydifficult to extendtheir
methodsto naturallanguageprocessingproblemsthatuse
differentstatisticalmodels.The adaptionideain (Gales
andWoodland,1996)is alsocloselyrelatedto theideaof
combiningsupervisedand unsupervisedlearningin the
samedomain(Merialdo,1994).In machinelearning,this
is oftenreferredto assemi-supervisedlearningor learn-
ing with unlabeleddata. Suchmethodsare not always
reliableandcan often fail(ZhangandOles, 2000). Al-
thoughpotentiallyusefulfor smalldistributionalparame-
tershifts,they cannotrecover labelsfor examplesnot (or
inadequately)representedin theold trainingdata.In such
cases,it is necessaryto usesupervisedadaptionmethods
which we studyin this paper. Anotherrelatedideais so-
calledactive learningparadigm(Lewis andCatlett,1994;
ZhangandOles,2000),which selectively annotatesthe
mostinformativedata(from thesamedomain)soasto re-
ducethetotal numberof annotationsrequiredto achieve
a certainlevel of accuracy. See(Tanget al., 2002;Steed-
manet al., 2003)for relatedstudiesin statisticalnatural
languageparsing.

2 Generalized Winnow for Sentence
Boundary Detection

For thepurposeof this paper, we considerthe following
form of thesentenceboundarydetectionproblem:to de-
terminefor eachperiod“.” whetherit denotesa sentence
boundaryor not (mostnon-sentenceboundarycasesoc-
cur in abbreviations). Although other symbolssuchas
“?” and“!” may alsodenotesentenceboundaries,they
occurrelatively rarely andwhenthey occur, areeasyto
determine.Therearea numberof specialsituations,for
example: three (or more) periodsto denoteomission,
wherewe only classifythethird periodasanendof sen-
tencemarker. The treatmentof thesespecialsituations
arenot importantfor thepurposeof this paper.

The above formulation of the sentencesegmentation
problemcan be treatedas a binary classificationprob-
lem. Onemethodthathasbeensuccessfullyappliedto a
numberof linguistic problemsis the Winnow algorithm
(Littlestone,1988; Khardonet al., 1999). However, a
drawbackof this methodis that the algorithm doesnot
necessarilyconvergefor datathatarenot linearlysepara-
ble. A generalizationwasrecentlyproposed,andapplied
to thetext chunkingproblem(Zhanget al., 2002),where

it wasshown thatthis generalizationcanindeedimprove
theperformanceof Winnow.

Applying the generalizedWinnow algorithm on the
sentenceboundarydetectionproblemis straightforward
sincethe methodsolvesa binary classificationproblem
directly. In the following, we briefly review this algo-
rithm, andpropertiesusefulin ourstudy.

Considerthe binary classificationproblem: to deter-
mine a label �����
	��

���� associatedwith an input vec-
tor � . A useful method for solving this problem is
throughlinear discriminantfunctions,which consistof
linear combinationsof componentsof the input vector.
Specifically, weseekaweightvector � anda threshold�
with thefollowing decisionrule: if ��������� we predict
that the label ����	�� , andif ��������� , we predictthat
the label � �!� . We denoteby " the dimensionof the
weightvector � which equalsthedimensionof theinput
vector � . Theweight � andthreshold� canbecomputed
from thegeneralizedWinnow method,which is basedon
thefollowing optimizationproblem:
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The numericalmethodwhich we useto solve this prob-
lem, aspresentedin Algorithm 1, is basedon a dual for-
mulationof theaboveproblem.See(Zhanget al., 2002)
for detailedderivation of the algorithmandits relation-
shipwith thestandardWinnow.

In all experiments,we usethe sameparameterssug-
gestedin (Zhanget al., 2002)for thetext chunkingprob-
lem: mn�po i 
 F � i lg� , q�� i l i � , and L � i l2� . The
aboveparameterchoicesmaynotbeoptimalfor sentence
segmentation.Howeversincethepurposeof thispaperis
not to demonstratethe bestpossiblesentencesegmenta-
tion systemusingthisapproach,weshallsimplyfix these
parametersfor all experiments.



Algorithm 1 (Generalized Winnow)

input: trainingdata
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end
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It wasshown in (Zhanget al., 2002) that if
# �$
W�
& is

obtainedfrom Algorithm 1, then it also approximately
minimizes ��� # a*� # ��� ��� �7&0	���	�� # �����{	��
&%& b ,
where � # ������� �7& denotesthe conditional probabil-
ity of ����� at a data point � . Here we have used� # ~ & to denotethe truncationof ~ onto e�	��

���h : � # ~ &��-U/g1 # ��
%-}(�� # 	��

 ~ &%& . This observation implies that the
quantity

# � # �����z	=�
& H �d&%�*a canberegardedasanesti-
matefor the in-classconditionalprobability. As we will
see,thispropertywill beveryusefulfor ourpurposes.

For eachperiodin thetext, we constructa featurevec-
tor � asthe input to the generalizedWinnow algorithm,
anduseits predictionto determinewhethertheperiodde-
notesasentenceboundaryor not. In orderto construct� ,
weconsiderlinguistic featuressurroundingtheperiod,as
listed in Table1. Sincethe featureconstructionroutine
is written in the Java language,“type of character”fea-
turescorrespondto the Java charactertypes,which can
be found in any standardJava manual.We picked these
featuresby looking at featuresusedpreviously, aswell
asaddingsomeof our own which we thoughtmight be
useful. However, we have not examinedwhich features
areactuallyimportantto the algorithm(for example,by
lookingat thesizeof theweights),andwhichfeaturesare
not.

We useanencodingschemesimilar to thatof (Zhang
et al., 2002).For eachdatapoint, theassociatedfeatures
areencodedasa binary vector � . Eachcomponentof �
correspondsto a possiblefeaturevalue

Y
of a feature Pin Table1. The valueof the componentcorrespondsto

a testwhich hasvalueoneif thecorrespondingfeaturePhasvalue
Y
, or valuezeroif thecorrespondingfeaturePhasanotherfeaturevalue.

tokenbeforetheperiod
tokenaftertheperiod
characterto theright
typeof characterto theright
characterto theleft
typeof characterto theleft
characterto theright of blankafterword
typeof characterto theright of blankafterword
characterleft of first characterof word
typeof characterleft of first characterof word
first characterof theprecedingword
typeof first characterof theprecedingword
lengthof precedingword
distanceto previousperiod

Table1: Linguistic Features

The featurespresentedheremay not be optimal. In
particular, unlike (Zhang et al., 2002), we do not use
higherorder features(for example,combinationsof the
abovefeatures).However, this list of featureshasalready
givengoodperformance,comparingfavorably with pre-
vious approaches(see(Reynar and Ratnaparkhi,1997;
Mikheev, 2000)andreferencestherein).

Thestandardevaluationdatais theWall-StreetJournal
(WSJ) tree-bank.Basedon our processingscheme,the
trainingsetcontainsaboutseventy-fourthousandperiods,
andthetestsetcontainsaboutthirteenthousandperiods.
If we train on the training set, and test on the test set,
theaccuracy is  � ¡l£¢�¤ . Anotherdatasetwhich hasbeen
annotatedis the Brown corpus. If we train on the WSJ
training set,andteston the Brown corpus,the accuracy
is  
 ¡l¥a
¤ . Theerrorrateis threetimeslarger.

3 Experimental Design and System Update
Methods

In our studyof systembehavior underdomainchanges,
wehavealsousedmanuallyconstructedrulesto filter out
someof the periods. The specificsetof ruleswe have
usedare:� If aperiodterminatesanon-capitalizedword,andis

followedby ablankandacapitalizedword,thenwe
predictthatit is asentenceboundary.� If a periodis bothprecededandfollowedby alpha-
numericalcharacters,thenwe predictthatit is not a
sentenceboundary.

The above rulesachieve error ratesof lessthan
i l2�d¤

on boththeWSJandBrown datasets,which is sufficient
for our purpose. Note that we did not try to make the
aboverulesasaccurateaspossible.For example,thefirst



rule will misclassifiysituationssuchas“A vs. B”. Elim-
inating suchmistakesis not essentialfor the purposeof
this study.

All of our experimentsareperformedandreportedon
the remainingperiods that are not filtered out by the
above manualrules. In this study, the filtering scheme
servestwo purposes.Thefirst purposeis to magnify the
errors. Roughly speaking,the rules will classify more
thanhalf of theperiods.Theseperiodsarealsorelatively
easyto classify using a statisticalclassifier. Therefore
theerrorrateon theremainingperiodsis morethandou-
bled.Sincethesentenceboundarydetectionproblemhas
a relatively small error rate, this magnificationeffect is
useful for comparingdifferent algorithms. The second
purposeis to reduceour manuallabelingeffort. In this
study, we haduseda numberof datasetsthatarenot an-
notated.Thereforefor experimentationpurpose,wehave
to labeleachperiodmanually.

After filtering, the WSJ training set containsabout
twenty seven thousanddatapoints,andthe testsetcon-
tainsaboutfive thousanddatapoints.TheBrown corpus
containsaboutseventeenthousanddatapoints. In addi-
tion, wealsomanuallylabeledthefollowing data:� Reuters:This is a standarddatasetfor text catego-

rization,availablefrom
http://kdd.ics.uci.edu/databases/reuters21578/
reuters21578.html. We only usethe test-datain the
ModAptesplit, whichcontainsabouteightthousand
periodsafterfiltering.� MedLine: Medicalabstractswith aboutseventhou-
sandperiods,availablefrom
www1.ics.uci.edu/ ¦ mlearn/MLRepository.html.

It is perhapsnot surprisingthat a sentenceboundary
classifiertrainedonWSJdoesnotperformnearlyaswell
onsomeof theotherdatasets.Howeverit is usefulto ex-
aminethesourceof theseextra errors.We observedthat
mostof theerrorsareclearlycausedby thefactthatother
domainscontainexamplesthatarenot representedin the
WSJ training set. Thereare two sourcesfor thesepre-
viously unseenexamples:1. changeof writing style; 2.
new linguisticexpressions.For example,quotemarksare
representedastwo singlequote(orbackquote)characters
in WSJ,but typically asonedoublequotecharacterelse-
where. In somedatasetssuchasReuters,phrasessuch
as“U.S. Economy”or “U.S. Dollar” frequentlyhave the
wordafterthecountrynamecapitalized(they alsoappear
in lower casesometimes,in the samedata). The above
canbe consideredasa changeof writing style. In some
othercases,new expressionsmayoccur. For example,in
theMedLinedata,new expressionssuchas“4 degreesC.”
areusedto indicatetemperature,andexpressionssuchas
“Bioch. Biophys.Res.Commun.251,744-747”areused

for citations.In addition,new acronymsandevenformu-
las containingtokensendingwith periodsoccurin such
domains.

It is clear that the majority of errors are causedby
data that are not representedin the training set. This
factsuggeststhatwhenwe applya statisticalsystemto a
new domain,we needto checkwhetherthedomaincon-
tainsasignificantnumberof previouslyunseenexamples
which may causeperformancedeterioration. This can
be achieved by measuringthe similarity of the new test
domainto the training domain. Oneway is to compute
statisticson the training domain,and comparethem to
statisticscomputedon thenew testdomain;anotherway
is to calculateaproperlydefineddistancebetweenthetest
dataandthetrainingdata.However, it is not immediately
obvious what datastatisticsare importantfor determin-
ing classificationperformance.Similarly it is not clear
what distancemetric would be good to use. To avoid
suchdifficulties, in this paperwe assumethat the clas-
sifier itself can provide a confidencemeasurefor each
prediction,and we usethis information to estimatethe
classifier’sperformance.

As we have mentionedearlier, the generalizedWin-
now method approximately minimizes the quantity��� # a*� # �f�§��� �7&¨	©�ª	c� # �����=	��
&%& b . It is thusnat-
ural to use

# � # �����Q	{��& H �d&%�*a asan estimateof the
conditionalprobability � # �.�«��� �7& . From simple al-
gebra,we obtain an estimateof the classificationerror
as ���7�£��	c� # �����=	 �
&�� �*a . Since � # ���5�¬	 �
& is only
anapproximationof theconditionalprobability, thisesti-
matemaynot beentirelyaccurate.However, onewould
expect it to give a reasonablyindicative measureof the
classificationperformance.In Table2, we comparethe
true classificationaccuracy from the annotatedtestdata
to the estimatedaccuracy using this method. It clearly
shows that this estimateindeedcorrelatesvery well with
the true classificationperformance.Note that this esti-
matedoesnot requireknowing thetruelabelsof thedata.
Thereforeweareableto detectthepotentialperformance
degradationof theclassifieron a new domainusingthis
metricwithout thegroundtruth information.

accuracy WSJ Brown Reuters MedLine
true 99.3 97.7 93.0 94.8

estimated 98.6 98.2 93.3 96.4

Table2: Trueandestimatedaccuracy

As pointedout before,a major sourceof error for a
new applicationdomain comesfrom data that are not
representedin the training set. If we canidentify those
data,thenanaturalwayto enhancetheunderlyingclassi-
fier’s performancewould beto includethemin thetrain-
ing data,andthenretrain.However, a humanis required



to obtainlabelsfor thenew data,but ourgoalis to reduce
thehumanlabelingeffort asmuchaspossible.Therefore
we examinethepotentialof usingtheclassifierto deter-
minewhichpartof thedatait hasdifficulty with, andthen
aska humanto label that part. If the underlyingclassi-
fier canprovide confidenceinformation,then it is natu-
ral to assumethat confidencefor unseendatawill likely
be low. Thereforefor labelingpurposes,onecanchoose
datafrom the new domainfor which the confidenceis
low. This idea is very similar to certainmethodsused
in active learning. In particulara confidence-basedsam-
pleselectionschemewasproposedin (Lewis andCatlett,
1994).Onepotentialproblemfor thisapproachis thatby
choosingdatawith lower confidencelevels, noisy data
that are difficult to classify tend to be chosen;another
problemis that it tendsto choosesimilar datamultiple
times.However, in thispaperwedonot investigatemeth-
odsthatsolve theseissues.

For baselinecomparison,weconsidertheclassifierob-
tainedfrom theold trainingdata(seeTable3), aswell as
classifierstrainedon randomsamplesfrom the new do-
main(seeTable4). In this study, we explorethefollow-
ing threeideasto improvetheperformance:� Data balancing: Merge labeleddatafrom the new

domainwith the existing trainingdatafrom theold
domain;we alsobalancetheir relativeproportionso
that theeffect of onedomaindoesnot dominatethe
other.� Featureaugmentation:Use the old classifier(first
level classifier)to createnew featuresfor the data,
andthentrainanotherclassifier(secondlevel classi-
fier) with augmentedfeatures(onnewly labeleddata
from thenew domain).� Confidencebasedfeatureselection:Insteadof ran-
domsampling,selectdatafromthenew domainwith
lowestconfidencebasedon theold classifier.

Onemaycombinetheabove ideas.In particular, we will
comparethefollowing methodsin this study:� Random:Randomlyselecteddatafrom thenew do-

main.� Balanced:UseWSJtrainingset+ randomlyselected
data from the new domain. However, we super-
sampletherandomlyselecteddatasothattheeffec-
tive samplesizeis ­ -timesthatof theWSJtraining
set,where­ is abalancingfactor.� Augmented(Random): Use the default classifier
output to form additional features. Then train a
secondlevel classifieron randomly selecteddata
from thenew domain,with theseadditionalfeatures.
In our experiments,four binary featuresareadded;

they correspondto testsL j � , L j i , L � i , L ��	��
(where L �������D	®� is theoutputof thefirst level
classifier).� Augmented-balanced:As indicated,useadditional
featuresaswell astheoriginal WSJtrainingsetfor
thesecondlevel classifier.� Confidence-Balanced:Insteadof randomsampling
from the new domain, choosethe least confident
data(which is morelikely to provide new informa-
tion), andthenbalancewith theWSJtrainingset.� Augmented-Confidence-Balanced:This methodis
similar to Augmented-balanced.However, we label
theleastconfidentdatainsteadof randomsampling.

4 Experimental Results

We carriedout experimentson the Brown, Reuters,and
MedLine datasets.We randomlypartition eachdataset
into training andtesting. All methodsaretrainedusing
only informationfrom the training set,andtheir perfor-
manceareevaluatedonthetestset.Eachtestsetcontainso i
i�i datapointsrandomlyselected.This samplesizeis
chosento makesurethatanestimatedaccuracy basedon
theseempirical sampleswill be reasonablycloseto the
true accuracy. For a binary classifier, the standarddevi-
ation betweenthe empiricalmean ¯° with a samplesize± ��o i�i
i , andthetruemean ²° , is ³ ²° # �´	�²° &%� ± . Since¯°�µ ²° , we can replace ²° by ¯° . Now, if ¯° � i l   , then
theerroris lessthan

i l¥¶
¤ ; if ¯° � i l  �· , thenthestandard
deviation is no morethanabout

i l a�¤ . Fromtheexperi-
ments,we seethat theaccuracy of all algorithmswill be
improvedto about

i l  
· for all threedatasets.Therefore
thetestsetsizewehaveis sufficiently largeto distinguish
a differenceof

i l¥¶
¤ with reasonableconfidence.
Table 3 lists the test set performanceof classifiers

trainedon the WSJ training set (denotedby WSJ), the
training set from the same domain (that is, Brown,
Reuters,andMedLinerespectively for thecorresponding
testsets),denotedby Self, and their combination. This
indicatesupperlimits on whatcanbeachievedusingthe
correspondingtraining set information. It is also inter-
estingto seethat the combinationdoesnot necessarily
improve the performance.We comparedifferentupdat-
ing schemesbasedon thenumberof new labelsrequired
from the new domain. For this purpose,we usethe fol-
lowing numberof labeledinstances: � i�i 
¸a i
i 
Wo i�i 
%· i
i
and �J¹ i�i , correspondingto the“new data”columnin the
tables. For all experiments,if a specificresult requires
randomsampling,thenfive different randomrunswere
performed,andthecorrespondingresultis reportedin the
formatof “mean º std.dev.” over thefive runs.

Table4 containstheperformanceof classifierstrained
onrandomlyselecteddatafrom thenew domainalone.It



trainset Brown Reuters MedLine
WSJ 97.5 93.1 94.6
Self 99.1 98.4 98.2

WSJ+Self 98.9 98.9 97.9

Table3: baselineaccuracy

is interestingto observe thatevenwith a relatively small
numberof training examples,the correspondingclassi-
fiers can out-perform those obtainedfrom the default
WSJ training set, which containsa significantly larger
amountof data.Clearly this indicatesthat in someNLP
applications,usingdatawith theright characteristicscan
be moreimportantthanusingmoredata. This alsopro-
videsstrongevidencethatoneshouldupdatea classifier
if theunderlyingdomainis differentfrom thetrainingdo-
main.

new data Brown Reuters MedLine
100  *o»l ¶´º i l    *o»l ·�º���l o  �¼½l a´º���l2�
200  *o»l ·�º���l¥a  
¶¡l ·�º i l    
¶¡l ¶´º i l ¹
400  �¹½l ·�º i l ¼  �¹½l ·�º i l o  �¹½l ¹�º i l o
800  �¢�l a´º i l¥¶  �¢�l ¹�º i l2�  �¢�l a´º i l¥a
1600  �¢�l  �º i l2�  �·½l i º i l2�  �¢�l ·�º i l¥a

Table4: RandomSelection

Table5 containstheresultsof usingthebalancingidea.
With the sameamountof newly labeleddata, the im-
provementover the randommethodis significant. This
showsthateventhoughthedomainhaschanged,training
datafrom the old domainarestill very useful. Observe
that not only is the averageperformanceimproved, but
the varianceis alsoreduced.Note that in this table,we
have fixed ­�� i l ¶ . The performancewith different ­
valueson the MedLinedatasetis reportedin Table6. It
shows that differentchoicesof ­ make relatively small
differencesin accuracy. At this point, it is interestingto
checkwhethertheestimatedaccuracy (usingthemethod
describedfor Table2) reflectsthechangein performance
improvement.Theresultis givenin Table7. Clearly the
methodweproposestill leadsto reasonableestimates.

new data Brown Reuters MedLine
100  �¢�l¥¢¾º i l2�  �¢�lg�[º i l ¹  
¶¡l ·�º i l o
200  �¢�l  �º i l¥a  �¢�l¥¢¾º i l ¼  �¹½l ¹�º i l ¼
400  �¢�l  �º i l2�  �·½lg�[º i l ¼  �¢�l a´º i l¥a
800  �·½lg�[º i l¥a  �·½l ¼�º i l ¼  �¢�l ¹�º i l¥a
1600  �·½l o�º i l2�  �·½l¥¢¾º i l2�  �¢�l  �º i l2�

Table5: Balanced( ­¬� i l¥¶ )
Table 8 and Table 9 report the performanceusing

­ ����· �d�do ���*a � a
100  �¹½l i  �¶�l£¢  
¶¡l ·  
¹¡l i  *o½l  
200  �¹½l ¼  
¹¡l¥¶  �¹½l ¹  
¹¡l ¼  �¹¡l ¹
400  �¹½l ·  �¢�l i  �¢�l a  �¢�l2�  �¹¡l ·
800  �¢�l ¼  �¢�l¥¶  �¢�l ¹  �¢�l¥¶  �¢�l o
1600  �¢�l o  �¢�l ·  �¢�l    
·¡l i  �¢�l£¢

Table 6: Effect of ­ on MedLine using the balancing
scheme

accuracy Brown Reuters MedLine
true 98.1 98.3 97.6

estimated 98.4 97.9 98.2

Table7: Trueandestimatedaccuracy (balancingscheme
with · i�i samplesand ­¬� i l¥¶ )
augmentedfeatures,either with the random sampling
scheme,or with thebalancingscheme.It canbeseenthat
with featureaugmentation,therandomsamplingandthe
balancingschemesperformsimilarly. Althoughthe fea-
ture augmentationmethoddoesnot improve the overall
performance(comparedwith balancingschemealone),
oneadvantageis that we do not have to rely on the old
training dataany more. In principle, onemay even use
a two-level classificationscheme:usetheold classifierif
it givesa high confidence;usethenew classifiertrained
on thenew domainotherwise.However, we havenot ex-
ploredsuchcombinations.

new data Brown Reuters MedLine
100  �¢�l ¶´º i l i  �¢�l¥¢¾º i l¥a  
¶¡l ¶´º���l i
200  �¢�l ¹�º i l2�  �¢�l ¹�º i l ¼  
¶¡l  �º i l ·
400  �¢�l¥¢¾º i l2�  �¢�l ·�º i l¥a  �¢�l i º i l  
800  �¢�l ·�º i l2�  �·½lg�[º i l o  �¢�l ¹�º i l ¼
1600  �·½lg�[º i l2�  �·½l ¼�º i l ¼  �¢�l  �º i l2�

Table8: Augmented(Random)

Table 10 and Table 11 report the performanceusing
confidencebaseddataselection,insteadof randomsam-
pling. Thismethodhelpsto someextent,but notasmuch
aswe originally expected.However, we have only used
the simplestversionof this method,which is suscepti-
ble to two problemsmentionedearlier: it tends(a) to
selectdata that are inherentlyhard to classify, and (b)
to selectredundantdata. Both problemscanbe avoided
with a moreelaboratedimplementation,but we have not
exploredthis. Anotherpossiblereasonthat usingconfi-
dencebasedsampleselectiondoesnot result in signifi-
cantperformanceimprovementis that for our examples,
theperformanceis alreadyquitegoodwith evena small
numberof new samples.



new data Brown Reuters MedLine
100  �¢�l ·�º i l ¼  �¢�l i º���l i  
¶¡l o�º i l£¢
200  �¢�l ·�º i l¥a  �¢�l¥¢¾º i l ¼  
¶¡l  �º i l ¹
400  �·½l i º i l2�  �·½l i º i l ¼  �¹½l ·�º i l ¹
800  �·½l a´º i l ¼  �·½l o�º i l ¼  �¢�l a´º i l ¼
1600  �·½l o�º i l¥a  �·½l¥¢¾º i l ¼  �¢�l ¶´º i l¥a

Table9: Augmented+ Balanced

new data Brown Reuters MedLine
100  �·½l i  �¢�l ¶  
¹¡l  
200  �·½lg�  �¢�l o  �¢�l i
400  �·½l a  �¢�l ·  �¢�l ¹
800  �·½l¥¢  �·½l ¹  
·¡l i
1600  �·½l ·  �·½l ·  
·¡l i

Table10: Confidence+ Balanced

5 Conclusion

In this paper, we studiedthe problemof updatinga sta-
tistical systemto fit a domainwith characteristicsdiffer-
entfrom thatof thetrainingdata.Without updating,per-
formancewill typically deteriorate,perhapsquitedrasti-
cally.

We usedthe sentenceboundarydetectionproblemto
compareafew differentupdatingmethods.Thisprovides
useful insightsinto the potentialvalueof variousideas.
In particular, we have madethe following observations:
1. An NLP systemtrainedon onedatasetcanperform
poorly on anotherbecausetherecan be new examples
not adequatelyrepresentedin the old training set; 2. It
is possibleto estimatethedegreeof systemperformance
degradation,andto determinewhetherit is necessaryto
performasystemupdate;3. Whenupdatingaclassifierto
fit a new domain,evena small amountof newly labeled
datacansignificantlyimprovetheperformance(also,the
right trainingdatacharacteristicscanbe moreimportant
thanthequantityof trainingdata);4. Combiningtheold
trainingdatawith thenewly labeleddatain anappropri-
ateway (e.g.,by balancingor featureaugmentation)can
beeffective.

Although the sentencesegmentationproblemconsid-

new data Brown Reuters MedLine
100  �¢�l ¼  �¢�l ·  
¹¡l  
200  �¢�l ·  �¢�l¥¢  
¹¡l  
400  �·½lg�  �¢�l¥¢  �¢�l ¹
800  �·½l¥¢  �·½l ¹  
·¡l2�
1600  �·½l ·  �·½l    
·¡l¥a

Table11: Augmented+ Confidence+ Balanced

eredin this paperis relatively simple,we arecurrently
investigatingotherproblems.We anticipatethat the ob-
servationsfrom thisstudycanbeappliedto morecompli-
catedNLP tasks.
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