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Abstract

Truecasing is the processof restoring
caseinformation to badly-casedor non-
casedtext. This paperexplorestruecas-
ing issuesandproposesa statistical,lan-
guage modeling basedtruecaserwhich
achieves an accuracy of � 98% on news
articles. Task basedevaluationshows a
26% F-measureimprovement in named
entity recognitionwhenusingtruecasing.
In the context of automaticcontentex-
traction, mentiondetectionon automatic
speechrecognitiontext is also improved
by a factor of 8. Truecasingalso en-
hancesmachinetranslationoutputlegibil-
ity andyieldsaBLEU scoreimprovement
of 80:2%. Thispaperarguesfor theuseof
truecasingasavaluablecomponentin text
processingapplications.

1 Intr oduction

While it is true that large,high quality text corpora
arebecominga reality, it is alsotruethatthedigital
world is �ooded with enormouscollectionsof low
quality naturallanguagetext. Transcriptsfrom var-
ious audio sources,automaticspeechrecognition,
opticalcharacterrecognition,onlinemessagingand
gaming,email, and the web are just a few exam-
plesof raw text sourceswith contentoftenproduced
in a hurry, containingmisspellings,insertions,dele-
tions,grammaticalerrors,neologisms,jargon terms
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etc.We wantto enhancethequality of suchsources
in order to producebetter rule-basedsystemsand
sharperstatisticalmodels.

This paperfocuseson truecasing, which is the
processof restoringcaseinformation to raw text.
Besidestext rEaDaBILiTY, truecasingenhancesthe
quality of case-carryingdata, brings into the pic-
turenew corporaoriginally consideredtoonoisyfor
variousNLP tasks,andperformscasenormalization
acrossstyles,sources,andgenres.

Considerthe following mildly ambiguoussen-
tence“us rep. jamespondshowed up riding an it
andgoingto a now meeting”.Thecase-carryingal-
ternative “US Rep.JamesPondshowedupriding an
IT andgoingto a NOW meeting”is arguablybetter
�t to besubjectedto furtherprocessing.

Broadcastnews transcriptscontaincasingerrors
which reduce the performanceof tasks such as
namedentitytagging.Automaticspeechrecognition
producesnon-casedtext. Headlines,teasers,section
headers- whichcarryhigh informationcontent- are
notproperlycasedfor taskssuchasquestionanswer-
ing. Truecasingis anessentialstepin transforming
thesetypesof datainto cleanersourcesto beusedby
NLP applications.

“the president”and“the President”aretwo viable
surfaceforms that correctlyconvey the sameinfor-
mationin thesamecontext. Suchdiscrepanciesare
usuallydueto differencesin news source,authors,
andstylistic choices. Truecasingcanbe usedas a
normalizationtool acrosscorporain order to pro-
duceconsistent,context sensitive, caseinformation;
it consistentlyreducesexpressionsto theirstatistical
canonicalform.



In this paper, we attemptto show the bene�ts of
truecasingin generalas a valuablebuilding block
for NLP applicationsratherthan promotinga spe-
ci�c implementation.Weexploreseveraltruecasing
issuesandproposea statistical,languagemodeling
basedtruecaser, showing its performanceon news
articles. Then,we presenta straightforward appli-
cationof truecasingon machinetranslationoutput.
Finally, wedemonstratetheconsiderablebene�tsof
truecasingthroughtaskbasedevaluationson named
entity taggingandautomaticcontentextraction.

1.1 RelatedWork

Truecasingcanbeviewedin alexical ambiguityres-
olutionframework (Yarowsky, 1994)asdiscriminat-
ing amongseveral versionsof a word, which hap-
pento havedifferentsurfaceforms(casings).Word-
sensedisambiguationis a broadscopeproblemthat
hasbeentackledwith fairly goodresultsgenerally
due to the fact that context is a very good pre-
dictor when choosingthe senseof a word. (Gale
et al., 1994) mentiongood resultson limited case
restorationexperimentson toy problemswith 100
words. They alsoobserve that realworld problems
generallyexhibit around90%caserestorationaccu-
racy. (Mikheev, 1999)alsoapproachescasingdis-
ambiguationbut modelsonly instanceswhencapi-
talizationis expected:�rst word in a sentence,after
a period, and after quotes. (Chieu and Ng, 2002)
attemptedto extractnamedentitiesfrom non-cased
text by usinga weaker classi�er but without focus-
ing on regulartext or caserestoration.

Accentscanbeviewedasadditionalsurfaceforms
or alternatewordcasings.Fromthis perspective, ei-
theraccentidenti�cation canbeextendedto truecas-
ing or truecasingcanbeextendedto incorporateac-
centrestoration.(Yarowsky, 1994)reportsgoodre-
sultswith statisticalmethodsfor SpanishandFrench
accentrestoration.

Truecasing is also a specialized method for
spellingcorrectionby relaxingthenotionof casing
to spellingvariations. Thereis a vast literatureon
spellingcorrection(JonesandMartin, 1997;Gold-
ing andRoth,1996)usingbothlinguisticandstatis-
tical approaches.Also, (Brill andMoore,2000)ap-
ply a noisy channelmodel,basedon genericstring
to stringedits,to spellingcorrection.

2 Approach

In this paperwe take a statisticalapproachto true-
casing. First we presentthe baseline: a simple,
straightforwardunigrammodelwhichperformsrea-
sonablywell in mostcases.Then,weproposeabet-
ter, more�e xible statisticaltruecaserbasedon lan-
guagemodeling.

From a truecasingperspective we observe four
generalclassesof words: all lowercase(LC), �rst
letteruppercase(UC), all lettersuppercase(CA), and
mixed caseword MC). The MC classcouldbe fur-
ther re�ned into meaningfulsubclassesbut for the
purposeof thispaperit is suf�cient to correctlyiden-
tify speci�c trueMC formsfor eachMC instance.

We are interestedin correctlyassigningcasela-
belsto words(tokens)in naturallanguagetext. This
representsthe ability to discriminatebetweenclass
labelsfor thesamelexical item, takinginto account
thesurroundingwords. We areinterestedin casing
wordcombinationsobservedduringtrainingaswell
as new phrases.The model requiresthe ability to
generalizein orderto recognizethateventhoughthe
possiblymisspelledtoken “lenon” hasnever been
seenbefore,wordsin thesamecontext usuallytake
theUC form.

2.1 Baseline:The Unigram Model

Thegoalof thispaperis to show thebene�tsof true-
casingin general.Theunigrambaseline(presented
below) is introducedin orderto put taskbasedeval-
uationsin perspective andnot to beusedasastraw-
manbaseline.

The vastmajority of vocabulary itemshave only
onesurfaceform. Hence,it is only naturalto adopt
the unigrammodelasa baselinefor truecasing.In
mostsituations,theunigrammodelis a simpleand
ef�cient model for surface form restoration. This
methodassociateswith eachsurface form a score
basedonthefrequency of occurrence.Thedecoding
is very simple: the true caseof a token is predicted
by themostlikely caseof thattoken.

Theunigrammodel's upperboundon truecasing
performanceis given by the percentageof tokens
thatoccurduringdecodingundertheirmostfrequent
case. Approximately12% of the vocabulary items
have beenobserved under more than one surface
form. Henceit is inevitable for theunigrammodel



to fail on tokenssuchas “new”. Due to the over-
whelmingfrequency of its LC form, “new” will take
thisparticularform regardlessof whattokenfollows
it. For both“information” and“york” assubsequent
words, “new” will be labeledasLC. For the latter
case,“new” occursunderoneof its lessfrequentsur-
faceforms.

2.2 Truecaser

Thetruecasingstrategy thatwe areproposingseeks
to capturelocal context and bootstrapit acrossa
sentence.The caseof a token will dependon the
most likely meaningof the sentence- wherelocal
meaningis approximatedby n-gramsobserveddur-
ing training. However, the local context of a few
wordsaloneis not enoughfor casedisambiguation.
Our proposedmethodemploys sentencelevel con-
text aswell.

We capturelocal context througha trigram lan-
guagemodel,but thecaselabel is decidedat a sen-
tencelevel. A reasonableimprovementover theun-
igram model would have beento decidethe word
casinggiventheprevioustwo lexical itemsandtheir
correspondingcasecontent. However, this greedy
approachstill disregardsglobal cues. Our goal is
to maximizetheprobabilityof a largertext segment
(i.e. a sentence)occurringundera certainsurface
form. Towardsthis goal, we �rst build a language
modelthatcanprovide local context statistics.

2.2.1 Building a LanguageModel

Languagemodelingprovidesfeaturesfor a label-
ing scheme.Thesefeaturesarebasedon the prob-
ability of a lexical item and a casecontentcondi-
tionedon the history of previous two lexical items
andtheir correspondingcasecontent:

Pmodel (w3jw2; w1) = � tr ig r am P(w3jw2; w1)

+ � bigr am P(w3jw2)

+ � unig r amP(w3)

+ � unif ormP0 (1)

wheretrigram,bigram,unigram,anduniform prob-
abilities are scaled by individual � i s which are
learnedby observingtraining examples. wi repre-
sentsa word with a casetag treatedas a unit for
probabilityestimation.

2.2.2 SentenceLevel Decoding

Using the languagemodel probabilitieswe de-
codethe caseinformationat a sentencelevel. We
constructa trellis (�gure 1) which incorporatesall
the sentencesurface forms as well as the features
computedduringtraining.A nodein this trellis con-
sistsof a lexical item, a positionin the sentence,a
possiblecasing,aswell asa historyof theprevious
two lexical itemsandtheir correspondingcasecon-
tent. Hence,for eachtoken, all surfaceforms will
appearas nodescarrying additionalcontext infor-
mation. In thetrellis, thicker arrows indicatehigher
transitionprobabilities.

Figure1: Given individual histories,the decodings
delayandDeLay, aremostprobable- perhapsin the
context of “time delay” and respectively “Senator
TomDeLay”

The trellis can be viewed as a Hidden Markov
Model (HMM) computing the state sequence
which best explains the observations. The states
(q1; q2; � � � ; qn ) of the HMM are combinationsof
caseandcontext information, the transitionproba-
bilities are the languagemodel (� ) basedfeatures,
andtheobservations(O1O2 � � � Ot ) arelexical items.
During decoding, the Viterbi algorithm (Rabiner,
1989) is usedto computethe highestprobability
statesequence(q�

� at sentencelevel) that yields the
desiredcaseinformation:

q�
� = argmaxqi 1qi 2 ��� qit P(qi 1qi 2 � � � qit jO1O2 � � � Ot ; � )

(2)
whereP(qi 1qi 2 � � � qit jO1O2 � � � Ot ; � ) is theproba-
bility of a givensequenceconditionedon theobser-
vationsequenceandthemodelparameters.A more
sophisticatedapproachcould be envisioned,where
eithertheobservationsor thestatesaremoreexpres-



sive. Thesealternatedesignchoicesarenotexplored
in this paper.

Testingspeeddependson thewidth andlengthof
the trellis and the overall decodingcomplexity is:
Cdecoding = O(SM H +1 ) whereS is the sentence
size,M is thenumberof surfaceformswe arewill-
ing to considerfor eachword, andH is the history
size(H = 3 in thetrigramcase).

2.3 Unknown Words

In order for truecasingto be generalizableit must
dealwith unknown words— wordsnot seenduring
training.For largetrainingsets,anextremeassump-
tion is that mostwords and correspondingcasings
possiblein a languagehave beenobserved during
training. Hence,mostnew tokensseenduring de-
codingaregoing to be eitherpropernounsor mis-
spellings. The simpleststrategy is to considerall
unknown wordsasbeingof theUC form (i.e. peo-
ple's names,places,organizations).

Anotherapproachis to replacethe lessfrequent
vocabulary itemswith case-carryingspecialtokens.
Duringtraining,thewordmispelingis replacedwith
by UNKNOWN LC and the word Lenonwith UN-
KNOWN UC. This transformationis basedon the
observation that similar typesof infrequentwords
will occurduringdecoding.Thistransformationcre-
atestheprecedentof unknown wordsof a particular
formatbeingobserved in a certaincontext. Whena
truly unknown word will be seenin the samecon-
text, the most appropriatecasingwill be applied.
This was the methodusedin our experiments. A
similar methodis to apply thecase-carryingspecial
token transformationonly to a small randomsam-
ple of all tokens,thuscapturingcontext regardless
of frequency of occurrence.

2.4 Mixed Casing

A reasonabletruecasingstrategy is to focuson to-
kenclassi�cationinto threecategories:LC, UC, and
CA. In mosttext corporamixedcasetokenssuchas
McCartney, CoOl,andTheBeatlesoccurwith mod-
eratefrequency. SomeNLP tasksmightprefermap-
pingMC tokensstartingwith anuppercaseletterinto
theUC surfaceform. This techniquewill reducethe
featurespaceandallow for sharpermodels. How-
ever, thedecodingprocesscanbegeneralizedto in-
cludemixedcasesin orderto �nd a closer�t to the

true sentence.In a cleanversionof the AQUAINT
(ARDA) news storiescorpus,� 90%of the tokens
occurredunderthemostfrequentsurfaceform (�g-
ure2).

Figure2: Newsdomaincasingdistribution

Theexpensive bruteforceapproachwill consider
all possiblecasingsof a word. Even with the full
casingspacecovered,somemixedcaseswill not be
seenduring training andthe languagemodelprob-
abilities for n-gramscontainingcertainwords will
backoff to anunknown word strategy. A morefea-
sible methodis to accountonly for the mixed case
items observed during training, relying on a large
enoughtraining corpus. A variablebeamdecod-
ing will assignnon-zeroprobabilitiesto all known
casingsof eachword. An n-bestapproximationis
somewhat fasterandeasierto implementandis the
approachemployed in our experiments.During the
sentence-level decodingonly the n-most-frequent
mixed casingsseenduring training areconsidered.
If the true capitalizationis not amongthesen-best
versions,thedecodingis notcorrect.Additionallex-
ical andmorphologicalfeaturesmight be neededif
identifyingMC instancesis critical.

2.5 First Word in the Sentence

The �rst word in a sentenceis generallyunderthe
UC form. This sentence-begin indicator is some-
timesambiguouseven whenpairedwith sentence-
end indicatorssuchas the period. While sentence
splitting is not within the scopeof this paper, we
want to emphasizethe fact that many NLP tasks
wouldbene�t from knowing thetruecaseof the�rst
word in thesentence,thusavoiding having to learn
the fact that beginning of sentencesarearti�cially



important.Sinceit is uneventful to convert the �rst
letter of a sentenceto uppercase,a more interest-
ing problemfrom atruecasingperspective is to learn
how to predictthecorrectcaseof the�rst word in a
sentence(i.e. notalwaysUC).

If the languagemodelis built on cleansentences
accountingfor sentenceboundaries,the decoding
will mostlikely uppercasethe�rst letterof any sen-
tence. On the other hand, if the languagemodel
is trainedon cleansentencesdisregardingsentence
boundaries,themodelwill belessaccuratesincedif-
ferentcasingswill bepresentedfor thesamecontext
andarti�cial n-gramswill be seenwhentransition-
ing betweensentences.Oneway to obtain the de-
siredeffectis to discardthe�rst n tokensin thetrain-
ing sentencesin orderto escapethesentence-begin
effect. Thelanguagemodelis thenbuilt onsmoother
context. A similar effect canbeobtainedby initial-
izing thedecodingwith n-gramstateprobabilitiesso
thattheboundaryinformationis masked.

3 Evaluation

Both the unigram model and the languagemodel
based truecaserwere trained on the AQUAINT
(ARDA) andTREC (NIST) corpora,eachconsist-
ing of 500M token news storiesfrom variousnews
agencies. The truecaserwas built using IBM' s
ViaVoiceTM languagemodeling tools. Thesetools
implementtrigram languagemodelsusing deleted
interpolationfor backing off if the trigram is not
found in the training data. The resultingmodel's
perplexity is 108.

Sincethereis noabsolutetruthwhentruecasinga
sentence,theexperimentsneedto bebuilt with some
referencein mind. Our assumptionis that profes-
sionally written news articlesare very closeto an
intangibleabsolutetruth in termsof casing. Fur-
thermore,weignoretheimpactof divergingstylistic
forms,assumingthedifferencesareminor.

Basedon the above assumptionswe judge the
truecasingmethodson four different testsets. The
�rst test set (APR) consists of the August 25,
2002 � top 20 news storiesfrom AssociatedPress
and Reutersexcluding titles, headlines,and sec-
tion headerswhich togetherform thesecondtestset
(APR+). The third test set (ACE) consistsof ear-

� Randomlychosentestdate

Figure3: LM truecaservs. unigrambaseline.

lier news storiesfrom AP andNew York Timesbe-
longing to the ACE dataset.The last testset(MT)
includesa setof machinetranslationreferences(i.e.
humantranslations)of news articlesfrom the Xin-
huaagency. Thesizesof thedatasetsareasfollows:
APR- 12k tokens,ACE- 90k tokens,andMT - 63k
tokens. For both truecasingmethods,we computed
the agreementwith the original news story consid-
eredto bethegroundtruth.

3.1 Results

The languagemodel basedtruecaserconsistently
displayed a signi�cant error reduction in case
restorationover the unigrammodel (�gure 3). On
currentnews stories,the truecaseragreementwith
theoriginalarticlesis � 98%.

Titles and headlinesusually have a higher con-
centrationof namedentitiesthannormaltext. This
alsomeansthatthey needa morecomplex modelto
assigncaseinformationmoreaccurately. The LM
basedtruecaserperformsbetterin this environment
while theunigrammodelmissesnamedentity com-
ponentswhichhappentohavealessfrequentsurface
form.

3.2 Qualitati ve Analysis

The original referencearticlesareassumedto have
the absolutetrue form. However, differencesfrom
theseoriginal articlesandthe truecasedarticlesare
not always casingerrors. The truecasertendsto
modify the �rst word in a quotation if it is not
propername:“Therehasbeen”becomes“therehas
been”. It alsomakeschangeswhich could be con-
sidereda correctionof theoriginal article: “Xinhua



BLEU Breakdown
System BLEU 1grPrecision 2grPrecision 3grPrecision 4grPrecision
all lowercase 0.1306 0.6016 0.2294 0.1040 0.0528
rulebased 0.1466 0.6176 0.2479 0.1169 0.0627
1gr truecasing 0.2206 0.6948 0.3328 0.1722 0.0988
1gr truecasing+ 0.2261 0.6963 0.3372 0.1734 0.0997
lm truecasing 0.2596 0.7102 0.3635 0.2066 0.1303
lm truecasing+ 0.2642 0.7107 0.3667 0.2066 0.1302

Table1: BLEU scorefor severaltruecasingstrategies.(truecasing+methodsadditionallyemploy the“�rst
sentenceletteruppercased”ruleadjustment).

Baseline With Truecasing
Class Recall Precision F Recall Precision F
ENAMEX 48.46 36.04 41.34 59.02 52.65 55.66(+34 :64%)

NUMEX 64.61 72.02 68.11 70.37 79.51 74.66(+9 :62%)

TIMEX 47.68 52.26 49.87 61.98 75.99 68.27(+36 :90%)

Overall 52.50 44.84 48.37 62.01 60.42 61.20(+26 :52%)

Table2: NamedEntity Recognitionperformancewith truecasingandwithout (baseline).

newsagency” becomes“Xinhua NewsAgency” and
“northern alliance” is truecasedas “Northern Al-
liance”. In moreambiguouscasesboth theoriginal
versionandthetruecasedfragmentrepresentdiffer-
entstylistic forms: “prime ministerHekmatyar”be-
comes“PrimeMinisterHekmatyar”.

Therearealsocaseswherethetruecaserdescribed
in this papermakes errors. New movie namesare
sometimesmiss-cased:“my big fat greekwedding”
or “signs”. In conducive contexts, personnames
arecorrectlycased:“DeLay said in”. However, in
ambiguous,adversecontexts they areconsideredto
be commonnouns:“pond” or “to delaythat”. Un-
seenorganizationnameswhich make perfectlynor-
malphrasesareerroneouslycasedaswell: “interna-
tional securityassistanceforce”.

3.3 Application: Machine Translation
Post-Processing

Wehaveappliedtruecasingasapost-processingstep
to astateof theartmachinetranslationsystemin or-
der to improve readability. For translationbetween
ChineseandEnglish,or JapaneseandEnglish,there
is notransferof caseinformation.In thesesituations
thetranslationoutputhasno caseinformationandit
is bene�cial to applytruecasingasapost-processing
step. This makes the output more legible and the

systemperformanceincreasesif caseinformationis
required.

Wehaveappliedtruecasingto Chinese-to-English
translationoutput.Thedatasourceconsistsof news
stories (2500 sentences)from the Xinhua News
Agency. The news storiesare �rst translated,then
subjectedto truecasing. The translationoutput is
evaluatedwith BLEU (Papineniet al., 2001),which
is a robust, languageindependentautomaticma-
chinetranslationevaluationmethod. BLEU scores
arehighly correlatedto humanjudgesscores,pro-
viding a way to performfrequentandaccurateau-
tomatedevaluations.BLEU usesamodi�ed n-gram
precisionmetricandaweightingschemethatplaces
moreemphasison longern-grams.

In table1, bothtruecasingmethodsareappliedto
machinetranslationoutputwith andwithout upper-
casingthe�rst letter in eachsentence.Thetruecas-
ing methodsarecomparedagainsttheall letterslow-
ercasedversionof thearticlesaswell asagainstan
existing rule-basedsystemwhich is awareof a lim-
ited numberof entity casingssuchasdates,cities,
andcountries. The LM basedtruecaseris very ef-
fective in increasingthe readabilityof articlesand
capturesanimportantaspectthattheBLEU scoreis
sensitive to. Truecasigthe translationoutputyields



Baseline With Truecasing
Source Recall Precision F Recall Precision F
BNEWSASR 23 3 5 56 39 46 (+820 :00%)

BNEWSHUMAN 77 66 71 77 68 72 (+1 :41%)

XINHUA 76 71 73 79 72 75 (+2 :74%)

Table3: Resultsof ACEmentiondetectionwith andwithout truecasing.

animprovementy of 80:2% in BLEU scoreover the
existing rulebasesystem.

3.4 TaskBasedEvaluation

Caserestorationandnormalizationcanbeemployed
for morecomplex tasks.Wehavesuccessfullylever-
agedtruecasingin improving namedentity recogni-
tion andautomaticcontentextraction.

3.4.1 NamedEntity Tagging

In orderto evaluatetheeffectof truecasingonex-
tractingnamedentity labels,we testedan existing
namedentity systemon a test set that hassignif-
icant casemismatchto the training of the system.
The basesystemis an HMM basedtagger, similar
to (Bikel et al., 1997). Thesystemhas31 semantic
categorieswhich areextensionson the MUC cate-
gories.Thetaggercreatesa latticeof decisionscor-
respondingto tokenizedwordsin the input stream.
When tagging a word wi in a sentenceof words
w0:::wN , two possibilities.If a tagbegins:

p(tN
1 jwN

1 ) i = p(t i jt i � 1; wi � 1)py(wi jt i ; wi � 1)

If a tagcontinues:

p(tN
1 jwN

1 ) i = p(wi jt i ; wi � 1)

They indicatesthat thedistribution is formedfrom
wordsthatarethe�rst wordsof entities.Thepy dis-
tributionpredictstheprobabilityof seeingthatword
given the tag andthe previous word insteadof the
tag andprevious tag. Eachword hasa setof fea-
tures,someof which indicatethecasingandembed-
dedpunctuation.Thesemodelshave several levels
of back-off whentheexacttrigramhasnotbeenseen
in training. A trellis spanningthe31 futuresis built
for eachword in a sentenceandthebestpathis de-
rivedusingtheViterbi algorithm.

yTruecasingimproveslegibility, not thetranslationitself

Theperformanceof thesystemshown in table 2
indicateanoverall 26.52%F-measureimprovement
whenusing truecasing.The alternative to truecas-
ing text is to destroy caseinformationin the train-
ing material	 SNORIFYprocedurein (Bikel etal.,
1997). Caseis an important featurein detecting
mostnamedentitiesbut particularlyso for the title
of a work, an organization,or an ambiguousword
with two frequentcases.Truecasingthesentenceis
essentialin detectingthat“ToKill aMockingbird” is
thenameof abook,especiallyif thequotationmarks
areleft off.

3.4.2 Automatic Content Extraction

AutomaticContentExtraction(ACE) is task fo-
cusingon theextractionof mentionsof entitiesand
relationsbetweenthemfrom textual data. The tex-
tual documentsarefrom newswire,broadcastnews
with text derivedfrom automaticspeechrecognition
(ASR),andnewspaperwith text derivedfrom optical
characterrecognition(OCR) sources.The mention
detectiontask(ace,2001)comprisesthe extraction
of named(e.g. ”Mr. IsaacAsimov”), nominal(e.g.
”thecompleteauthor”),andpronominal(e.g.”him”)
mentionsof Persons,Organizations,Locations,Fa-
cilities, andGeo-PoliticalEntities.

Theautomaticallytranscribed(usingASR)broad-
cast news documentsand the translatedXinhua
News Agency (XINHUA) documentsin the ACE
corpusdo not containany caseinformation,while
humantranscribedbroadcastnews documentscon-
tain casingerrors(e.g. “George bush”). This prob-
lem occursespeciallywhenthedatasourceis noisy
or thearticlesarepoorlywritten.

For all documentsfrom broadcastnews (human
transcribedandautomaticallytranscribed)andXIN-
HUA sources,we extractedmentionsbeforeandaf-
terapplyingtruecasing.TheASRtranscribedbroad-
castnews datacomprised86 documentscontaining



a total of 15,535words,thehumantranscribedver-
sioncontained15,131words. Therewereonly two
XINHUA documentsin theACE testsetcontaining
a total of 601words. Noneof this dataor any ACE
datawasusedfor trainingthetruecasingmodels.

Table3 shows theresultof runningour ACEpar-
ticipatingmaximumentropy mentiondetectionsys-
temontheraw text, aswell asontruecasedtext. For
ASR transcribeddocuments,we obtainedan eight
fold improvementin mentiondetectionfrom 5% F-
measureto 46%F-measure.Thelow baselinescore
is mostly due to the fact that our systemhasbeen
trainedon newswirestoriesavailablefrom previous
ACE evaluations,while the latesttestdataincluded
ASR output. It is very likely that the improvement
dueto truecasingwill be moremodestfor the next
ACE evaluationwhenour systemwill betrainedon
ASR outputaswell.

4 PossibleImpr ovements& Future Work

Although the statisticalmodelwe have considered
performsvery well, further improvementsmustgo
beyond languagemodeling,enhancinghow expres-
sive the model is. Additional featuresare needed
during decodingto capturecontext outsideof the
currentlexical item, mediumrangecontext, aswell
asdiscontinuouscontext. Anotherpotentiallyhelp-
ful feature to considerwould provide a distribu-
tion over similar lexical items, perhapsusing an
edit/phoneticdistance.

Truecasingcanbeextendedto cover a moregen-
eral notion surface form to include accents. De-
pendingon the context, wordsmight take different
surfaceforms. Sincepunctuationis a notionexten-
sion to surface form, shallow punctuationrestora-
tion (e.g. word followedby comma) canalsobead-
dressedthroughtruecasing.

5 Conclusions

Wehave discussedtruecasing,theprocessof restor-
ing caseinformation to badly-casedor non-cased
text, and we have proposeda statistical,language
modelingbasedtruecaserwhich hasan agreement
of � 98% with professionallywritten news articles.
Althoughits mostdirectimpactis improving legibil-
ity, truecasingis usefulin casenormalizationacross
styles,genres,and sources. Truecasingis a valu-

ablecomponentin furthernaturallanguageprocess-
ing. Taskbasedevaluationshows a 26%F-measure
improvementin namedentity recognitionwhenus-
ing truecasing.In the context of automaticcontent
extraction, mentiondetectionon automaticspeech
recognitiontext is improvedby a factorof 8. True-
casingalsoenhancesmachinetranslationoutputleg-
ibility and yields a BLEU score improvementof
80:2% over theoriginal system.
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