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Abstract

Truecasing is the processof restoring
caseinformationto badly-casedr non-
casedtext. This paperexplorestruecas-
ing issuesand proposesa statistical,lan-
guage modeling basedtruecaserwhich
achives an accurag of 98% on news
articles. Task basedevaluationshavs a
26% F-measureémprovementin named
entity recognitionwhenusingtruecasing.
In the context of automaticcontentex-
traction, mentiondetectionon automatic
speechrecognitiontext is alsoimproved
by a factor of 8. Truecasingalso en-
hancesnachinetranslationoutputlegibil-
ity andyieldsaBLEU scoreimprovement
of 80:2%. This paperamguesfor the useof
truecasin@savaluablecomponenin text
processin@pplications.

1 Intr oduction

While it is truethatlarge, high quality text corpora
arebecomingareality, it is alsotrue thatthe digital

world is ooded with enormouscollectionsof low

quality naturallanguageext. Transcriptsfrom var

ious audio sources,automaticspeechrecognition,
opticalcharacterecognition,online messagingnd
gaming, email, and the web are just a few exam-
plesof raw text sourcesvith contentoftenproduced
in a hurry, containingmisspellingsjnsertionsdele-
tions,grammaticakrrors,neologismsjargonterms
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etc. We wantto enhancehe quality of suchsources
in orderto producebetterrule-basedsystemsand
sharpesstatisticalmodels.

This paperfocuseson truecasing which is the
processof restoringcaseinformation to raw text.
Besidedgext rEaDaBILiTY, truecasingenhanceshe
quality of case-carryingdata, brings into the pic-
turenew corporaoriginally consideredoo noisyfor
variousNLP tasks,andperformscasenormalization
acrossstyles,sourcesandgenres.

Considerthe following mildly ambiguoussen-
tence“us rep. jamespond shaved up riding anit
andgoingto anow meeting”. The case-carryin@l-
ternatve “US Rep.Jamed?ondshavedupriding an
IT andgoingto a NOW meeting”is arguablybetter
t to besubjectedo furtherprocessing.

Broadcasmews transcriptscontaincasingerrors
which reducethe performanceof tasks such as
namedkentitytagging.Automaticspeechrecognition
producesion-casedext. Headlinesteaserssection
headers which carryhighinformationcontent- are
notproperlycasedor taskssuchasquestioranswer
ing. Truecasings an essentiaktepin transforming
thesetypesof datainto cleaneisourcego beusedby
NLP applications.

“the president’and“the President’aretwo viable
surfaceformsthat correctly corvey the sameinfor-
mationin the samecontext. Suchdiscrepancieare
usually dueto differencesn news source,authors,
and stylistic choices. Truecasingcan be usedasa
normalizationtool acrosscorporain orderto pro-
duceconsistentcontet sensitve, caseinformation;
it consistentlyeducesxpressiongo their statistical
canonicaform.



In this papey we attemptto shaw the bene ts of
truecasingin generalas a valuablebuilding block
for NLP applicationsratherthan promotinga spe-
ci ¢ implementation\We explore severaltruecasing
issuesand proposea statistical languagemodeling
basedtruecasershaving its performanceon news
articles. Then,we presenta straightforward appli-
cationof truecasingon machinetranslationoutput.
Finally, we demonstratéhe considerabléene tsof
truecasinghroughtaskbasedavaluationson named
entity taggingandautomaticcontentextraction.

1.1 RelatedWork

Truecasinganbeviewedin alexical ambiguityres-

olutionframework (Yarowsky, 1994)asdiscriminat-

ing amongseveral versionsof a word, which hap-

pento have differentsurfaceforms(casings) Word-

sensalisambiguations a broadscopeproblemthat

hasbeentackledwith fairly goodresultsgenerally
due to the fact that contet 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 alsoobsere that real world problems
generallyexhibit around90% caserestoratioraccu-

ragy. (Mikheev, 1999)also approachesgasingdis-

ambiguationbut modelsonly instancesvhencapi-

talizationis expected: rst word in a sentenceafter

a period, and after quotes. (Chieuand Ng, 2002)

attemptedo extract namedentitiesfrom non-cased
text by usinga wealer classi er but without focus-

ing onregulartext or caserestoration.

Accentscanbeviewedasadditionalsurfaceforms
or alternateword casings Fromthis perspectie, ei-
theraccenidenti cation canbeextendedo truecas-
ing or truecasingcanbe extendedto incorporateac-
centrestoration.(Yarowsky, 1994)reportsgoodre-
sultswith statisticaimethoddor SpanishandFrench
accentestoration.

Truecasingis also a specialized method for
spellingcorrectionby relaxingthe notion of casing
to spellingvariations. Thereis a vastliteratureon
spelling correction(Jonesand Martin, 1997; Gold-
ing andRoth, 1996)usingbothlinguistic andstatis-
tical approachesAlso, (Brill andMoore, 2000)ap-
ply a noisy channelmodel,basedon genericstring
to stringedits,to spellingcorrection.

2 Approach

In this paperwe take a statisticalapproacho true-
casing. First we presentthe baseline: a simple,
straightforwardunigrammodelwhich performsrea-
sonablywell in mostcasesThen,we proposea bet-
ter, more e xible statisticaltruecasebasedon lan-
guagemodeling.

From a truecasingperspectie we obsenre four
generalclassesof words: all lowercase(LC), rst
letteruppercas@UC), all lettersuppercas€CA), and
mixed caseword MC). The MC classcould be fur-
ther re ned into meaningfulsubclassesut for the
purposeof this paperit is sufcient to correctlyiden-
tify speci c true MC formsfor eachMC instance.

We areinterestedn correctly assigningcasela-
belsto words(tokens)in naturallanguagdext. This
representshe ability to discriminatebetweenclass
labelsfor the samelexical item, takinginto account
the surroundingwords. We areinterestedn casing
word combination®bseredduringtrainingaswell
asnew phrases.The modelrequiresthe ability to
generalizen orderto recognizehateventhoughthe
possibly misspelledtoken “lenon” hasnever been
seenbefore,wordsin the samecontet usuallytake
theUC form.

2.1 Baseline: The Unigram Model

Thegoalof this papetis to shav thebene tsof true-
casingin general. The unigrambaseling(presented
below) is introducedn orderto puttaskbasedeval-
uationsin perspectie andnot to beusedasa strav-
manbaseline.

The vastmajority of vocalulary itemshave only
onesuriaceform. Hence,it is only naturalto adopt
the unigrammodelasa baselinefor truecasing.In
mostsituations,the unigrammodelis a simpleand
efcient modelfor surfaceform restoration. This
methodassociatesvith eachsurfaceform a score
basednthefrequeny of occurrenceThedecoding
is very simple: the true caseof a tokenis predicted
by themostlikely caseof thattoken.

The unigrammodel’s upperboundon truecasing
performances given by the percentageof tokens
thatoccurduringdecodingundertheirmostfrequent
case. Approximately12% of the vocalulary items
have beenobsered under more than one surface
form. Henceit is inevitable for the unigrammodel



to fail on tokenssuchas“new”. Due to the over
whelmingfrequeng of its LC form, “new” will take
this particularform regardles®f whattokenfollows
it. For both“information” and“york” assubsequent
words, “new” will belabeledasLC. For the latter
case,’new” occursunderoneof its lessfrequentsur
faceforms.

2.2 Truecaser

Thetruecasingtratgy thatwe areproposingseeks
to capturelocal context and bootstrapit acrossa
sentence.The caseof a token will dependon the
mostlikely meaningof the sentence wherelocal
meaningis approximatedy n-gramsobsered dur-
ing training. However, the local contet of a few
wordsaloneis not enoughfor casedisambiguation.
Our proposedmethodemplgys sentencdevel con-
text aswell.

We capturelocal context througha trigram lan-
guagemodel,but the caselabelis decidedat a sen-
tencelevel. A reasonablémprovementover the un-
igram modelwould have beento decidethe word
casinggiventhe previoustwo lexical itemsandtheir
correspondingasecontent. However, this greedy
approachstill disregardsglobal cues. Our goal is
to maximizethe probability of a largertext segment
(i.e. a sentencepccurringundera certainsuriace
form. Towardsthis goal, we rst build a language
modelthatcanprovide local contet statistics.

2.2.1 Building a LanguageModel

Languagemodelingprovidesfeaturedor alabel-
ing scheme.Thesefeaturesare basedon the prob-
ability of a lexical item and a casecontentcondi-
tioned on the history of previous two lexical items
andtheir correspondingasecontent:

Prmodel (W3JW2; W1) trigram P (W3jwz2; Wy)
bigram P (W3jW2)
unig ram P (W3)

unif orm I30

+ + +

(1)

wheretrigram, bigram,unigram,anduniform prob-
abilities are scaled by individual ;s which are
learnedby observingtraining examples. w; repre-
sentsa word with a casetag treatedas a unit for
probability estimation.

2.2.2 Sentence.evel Decoding

Using the languagemodel probabilitieswe de-
codethe caseinformation at a sentencdevel. We
constructa trellis ( gure 1) which incorporatesall
the sentencesurface forms as well as the features
computedduringtraining. A nodein thistrellis con-
sistsof a lexical item, a positionin the sentencea
possiblecasing,aswell asa history of the previous
two lexical itemsandtheir correspondingasecon-
tent. Hence,for eachtoken, all surfaceforms will
appearas nodescarrying additional context infor-
mation. In thetrellis, thicker arravs indicatehigher
transitionprobabilities.
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Figurel: Givenindividual histories,the decodings
delayandDeLay, aremostprobable- perhapsn the
contet of “time delay” and respectrely “Senator
TomDelLay”

The trellis can be viewed as a Hidden Markov
Model (HMM) computing the state sequence
which best explains the obserations. The states
(u;®; ;qy) of the HMM are combinationsof
caseand contet information, the transitionproba-
bilities are the languagemodel ( ) basedfeatures,
andtheobserations(0;0,  O) arelexicalitems.
During decoding, the Viterbi algorithm (Rabiney
1989) is usedto computethe highestprobability
statesequencdq at sentencdevel) thatyieldsthe
desiredcasenformation:

GtjO102  Oy;
(2)
whereP (G1G2 GtjO10, Oy; ) istheproba-
bility of a givensequenceonditionedon the obser
vation sequencandthe modelparametersA more
sophisticatedapproachcould be ervisioned, where

eithertheobserationsor the statesaremoreexpres-

q = argmaxg,q, g P(G1G2



sive. Thesealternatedesignchoicesarenotexplored
in this paper

Testingspeeddepend®on the width andlengthof
the trellis and the overall decodingcompleity is:
Cdecoding = O(SMH*1) whereS is the sentence
size,M is the numberof surfaceformswe arewill-
ing to considerfor eachword, andH is the history
size(H = 3inthetrigramcase).

2.3 Unknown Words

In order for truecasingto be generalizablat must
dealwith unknavn words— wordsnot seenduring
training. For largetraining sets anextremeassump-
tion is that mostwords and correspondingasings
possiblein a languagehave beenobsered during
training. Hence,mostnewn tokensseenduring de-
codingaregoing to be eitherpropernounsor mis-
spellings. The simpleststratgy is to considerall
unknavn wordsasbeingof the UC form (i.e. peo-
ple's namesplacesprganizations).

Anotherapproachs to replacethe lessfrequent
vocalulary itemswith case-carryingpecialtokens.
Duringtraining,theword mispelingis replacedvith
by UNKNOWNLLC andthe word Lenonwith UN-
KNOWN.UC. This transformationis basedon the
obsenration that similar types of infrequentwords
will occurduringdecoding.Thistransformatiorcre-
atesthe precedenbf unknavn wordsof a particular
formatbeingobseredin a certaincontext. Whena
truly unknavn word will be seenin the samecon-
text, the most appropriatecasingwill be applied.
This was the methodusedin our experiments. A
similar methodis to applythe case-carryingpecial
token transformationonly to a small randomsam-
ple of all tokens,thus capturingcontet regardless
of frequeng of occurrence.

2.4 Mixed Casing

A reasonabldruecasingstratey is to focuson to-
kenclassi cationinto threecateories:LC, UC, and
CA. In mosttext corporamixed casetokenssuchas
McCartng, CoOl,and TheBeatleccurwith mod-
eratefrequeng. SomeNLP tasksmight prefermap-
ping MC tokensstartingwith anuppercaséetterinto
theUC surfaceform. Thistechniquewill reducethe
featurespaceandallow for sharpemodels. How-
ever, thedecodingprocessanbe generalizedo in-
cludemixedcasedn orderto nd aclosert tothe

true sentenceln a cleanversionof the AQUAINT
(ARDA) news storiescorpus, 90% of thetokens
occurredunderthe mostfrequentsurfaceform ( g-
ure2).
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Figure2: News domaincasingdistribution

Theexpensve bruteforce approachwill consider
all possiblecasingsof a word. Even with the full
casingspacecovered,somemixedcaseswill notbe
seenduring training and the languagemodel prob-
abilities for n-gramscontainingcertainwords will
backoff to anunknavn word stratgy. A morefea-
sible methodis to accountonly for the mixed case
items obsered during training, relying on a large
enoughtraining corpus. A variable beamdecod-
ing will assignnon-zeroprobabilitiesto all knovn
casingsof eachword. An n-bestapproximationis
somevhatfasterandeasierto implementandis the
approachemployedin our experiments.During the
sentence-keel decodingonly the n-most-frequent
mixed casingsseenduring training are considered.
If the true capitalizationis not amongthesen-best
versionsthedecodings notcorrect.Additionallex-
ical andmorphologicalfeaturesmight be neededf
identifying MC instancess critical.

2.5 First Word in the Sentence

The rst word in a sentenceas generallyunderthe
UC form. This sentence-lggn indicator is some-
times ambiguouseven when pairedwith sentence-
endindicatorssuchasthe period. While sentence
splitting is not within the scopeof this paper we
want to emphasizehe fact that mary NLP tasks
would bene t from knowing thetrue caseof the rst
word in the sentencethusavoiding having to learn
the fact that beginning of sentencesre arti cially



important. Sinceit is uneventful to corvert the rst
letter of a sentencdo uppercasea more interest-
ing problemfrom atruecasingperspectieistolearn
how to predictthe correctcaseof the rst wordin a
sentencéi.e. notalwaysUC).

If thelanguagamodelis built on cleansentences
accountingfor sentenceboundariesthe decoding
will mostlikely uppercaséhe rst letterof arny sen-
tence. On the other hand, if the languagemodel
is trainedon cleansentenceslisregardingsentence
boundariesthemodelwill belessaccuratssincedif-
ferentcasingwill bepresentedior thesamecontext
andarti cial n-gramswill be seenwhentransition-
ing betweensentencesOneway to obtainthe de-
siredeffectis to discardthe rst ntokensin thetrain-
ing sentence# orderto escapehe sentence-lggn
effect. Thelanguageanodelis thenbuilt onsmoother
contet. A similar effect canbe obtainedby initial-
izing thedecodingwith n-gramstateprobabilitiesso
thatthe boundaryinformationis masled.

3 Evaluation

Both the unigram model and the languagemodel
basedtruecaserwere trained on the AQUAINT
(ARDA) and TREC (NIST) corpora,eachconsist-
ing of 500M token news storiesfrom variousnews
agencies. The truecaserwas built using IBM's
ViaVoice"™languagemodelingtools. Thesetools
implementtrigram languagemodelsusing deleted
interpolationfor backingoff if the trigram is not
found in the training data. The resulting models
perpleity is 108.

Sincethereis no absoluteruthwhentruecasing
sentencetheexperimentieedto bebuilt with some
referencein mind. Our assumptions that profes-
sionally written news articlesare very closeto an
intangible absolutetruth in termsof casing. Fur
thermorewe ignoretheimpactof diverging stylistic
forms,assuminghedifferencesareminor.

Basedon the above assumptionsve judge the
truecasingmethodson four differenttestsets. The

rst test set (APR) consistsof the August 25,
2002 top 20 news storiesfrom AssociatedPress
and Reutersexcluding titles, headlines,and sec-
tion headersvhich togethefform the secondestset
(APR+). The third testset (ACE) consistsof ear

Randomlychosertestdate

Figure3: LM truecasews. unigrambaseline.

lier news storiesfrom AP andNew York Timesbe-
longing to the ACE dataset.The lasttestset(MT)
includesa setof machinetranslatiorreferencesi.e.
humantranslations)f news articlesfrom the Xin-
huaageng. Thesizesof thedatasetsareasfollows:
APR - 12k tokens,ACE - 90k tokens,andMT - 63k
tokens. For both truecasingnethodswe computed
the agreementvith the original news story consid-
eredto bethe groundtruth.

3.1 Results

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

Titles and headlinesusually have a higher con-
centrationof namedentitiesthannormaltext. This
alsomeanghatthey needa morecomplex modelto
assigncaseinformation more accurately The LM
basedruecaseperformsbetterin this ervironment
while the unigrammodelmissesnamedentity com-
ponentsvhichhapperto have alessfrequentsuriace
form.

3.2 Qualitative Analysis

The original referencearticlesare assumedo have
the absolutetrue form. However, differencedrom
theseoriginal articlesandthe truecasearticlesare
not always casingerrors. The truecaserendsto
modify the rst word in a quotationif it is not
propername:“There hasbeen”becomestherehas
been”. It also makeschangesvhich could be con-
sidereda correctionof the original article: “Xinhua



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

Tablel:
sentencéetteruppercasediule adjustment).

BLEU scorefor severaltruecasingstratajies.

(truecasing+methodsadditionallyemploy the* rst

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 4768 | 52.26 |49.87| 61.98| 75.99 | 68.27(+36:90%)
Overall 5250 | 44.84 | 48.37| 62.01 60.42 | 61.20(+26 :52%)

Table2: NamedEntity Recognitionperformancevith truecasingandwithout (baseline).

newsageng” becomesXinhua News Ageng/” and
“northern alliance” is truecasedas “Northern Al-
liance”. In moreambiguouscaseshoththe original
versionandthe truecasedragmentrepresentiffer-
entstylistic forms: “prime ministerHekmatyar’be-
comes'Prime Minister Hekmatyar”.

Therearealsocasesvherethetruecasedescribed
in this papermakes errors. New movie namesare
sometimesniss-cased:my big fat greekwedding”
or “signs”. In conducve contets, personnames
arecorrectlycased:"DelLay saidin”. However, in
ambiguousadwersecontets they areconsideredo
be commonnouns:“pond” or “to delaythat”. Un-
seenorganizationnameswvhich malke perfectlynor
mal phrasesreerroneoushcasedaswell: “interna-
tional securityassistancéorce”.

3.3 Application: Machine Translation
Post-Processing

Wehave appliedtruecasingsapost-processingtep
to astateof theartmachinetranslationsystemin or-
derto improve readability For translationbetween
ChineseandEnglish,or JapanesandEnglish,there
is notransferof casenformation.In thesesituations
thetranslationoutputhasno caseinformationandit
is bene cialto applytruecasingsapost-processing
step. This makes the output more legible and the

systemperformancencreasedf caseinformationis
required.

We have appliedtruecasingo Chinese-to-English
translationoutput. The datasourceconsistsof nens
stories (2500 sentences)rom the Xinhua News
Ageng. The news storiesare rst translatedthen
subjectedto truecasing. The translationoutputis
evaluatedwith BLEU (Papinenietal., 2001),which
is a rohust, languageindependentautomaticma-
chinetranslationevaluationmethod. BLEU scores
are highly correlatedto humanjudgesscores pro-
viding a way to performfrequentand accurateau-
tomatedevaluations BLEU usesamodi ed n-gram
precisionmetricanda weightingschemehatplaces
moreemphasi®nlongern-grams.

In tablel, bothtruecasingnethodsareappliedto
machinetranslationoutputwith andwithout upper
casingthe rst letterin eachsentenceThetruecas-
ing methodsarecomparedigainstheall letterslow-
ercasedsersionof the articlesaswell asagainstan
existing rule-basedsystemwhich is awareof a lim-
ited numberof entity casingssuchas dates,cities,
andcountries. The LM basedtruecaseis very ef-
fective in increasingthe readability of articlesand
capturesanimportantaspecthatthe BLEU scoreis
sensitve 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 ACE mentiondetectiorwith andwithouttruecasing.

animprovement’ of 80:2% in BLEU scoreoverthe
existing rule basesystem.

3.4 TaskBasedEvaluation

Caseestoratiorandnormalizationrcanbeemployed
for morecomple tasks.We have successfullyever
agedtruecasingn improving namedentity recogni-
tion andautomaticcontentextraction.

3.4.1 NamedEntity Tagging

In orderto evaluatethe effect of truecasingpn ex-
tracting namedentity labels, we testedan existing
namedentity systemon a test set that has signif-
icant casemismatchto the training of the system.
The basesystemis an HMM basedtagger similar
to (Bikel etal., 1997). The systemhas31 semantic
cateyorieswhich are extensionson the MUC cate-
gories.Thetaggercreatesa lattice of decisionscor
respondingo tokenizedwordsin the input stream.
When tagging a word w; in a sentenceof words
Wp:::Wy , two possibilities.If atagbegins:

p(tY jwh )i = p(tijti ;Wi 1)pY(Wijti;w;i 1)
If atagcontinues:
p(tYiwl')i = p(wijti;wi 1)

They indicatesthatthe distrikution is formedfrom

wordsthatarethe rst wordsof entities. ThepY dis-
tribution predictsthe probability of seeinghatword

given the tag andthe previous word insteadof the
tag and previous tag. Eachword hasa setof fea-
tures,someof whichindicatethe casingandembed-
dedpunctuation. Thesemodelshave several levels
of back-of whentheexacttrigramhasnotbeenseen
in training. A trellis spanninghe 31 futuresis built

for eachword in a sentenceindthe bestpathis de-
rivedusingthe Viterbi algorithm.

YTruecasingmproveslegibility, not thetranslationitself

The performancef the systemshawvn in table 2
indicatean overall 26.52%F-measurémprovement
whenusing truecasing. The alternatve to truecas-
ing text is to destry caseinformationin the train-
ing material SNORIFY procedurén (Bikel etal.,
1997). Caseis an importantfeaturein detecting
mostnamedentitiesbut particularlyso for the title
of a work, an organization,or an ambiguousword
with two frequentcases.Truecasinghe sentencés
essentiain detectinghat*To Kill aMockingbird”is
thenameof abook,especiallyif thequotationmarks
areleft off.

3.4.2 Automatic Content Extraction

Automatic ContentExtraction (ACE) is taskfo-
cusingon the extractionof mentionsof entitiesand
relationsbetweenthemfrom textual data. The tex-
tual documentsarefrom newswire, broadcashews
with text derivedfrom automaticspeectrecognition
(ASR),andnewspapewvith text derivedfrom optical
characterecognition(OCR) sources.The mention
detectiontask (ace,2001) compriseghe extraction
of named(e.g. "Mr. IsaacAsimov”), nominal(e.g.
"the completeauthor”),andpronominale.g.”him”)
mentionsof PersonsQOrganizations|.ocations,Fa-
cilities, andGeo-PoliticalEntities.

TheautomaticallytranscribequsingASR) broad-
cast naws documentsand the translatedXinhua
News Ageng/ (XINHUA) documentsin the ACE
corpusdo not containary caseinformation, while
humantranscribedoroadcashens documentson-
tain casingerrors(e.g. “Geormge bush”). This prob-
lem occursespeciallywhenthe datasourceis noisy
or thearticlesarepoorly written.

For all documentdrom broadcasnews (human
transcribedandautomaticallytranscribedandXIN-
HUA sourceswe extractedmentionsbeforeandaf-
terapplyingtruecasingTheASRtranscribedroad-
castnews datacomprised36 documentsontaining



atotal of 15,535words,the humantranscribedver
sion containedl5,131words. Therewereonly two
XINHUA documentsn the ACE testsetcontaining
atotal of 601 words. Noneof this dataor ary ACE
datawasusedfor trainingthetruecasingnodels.

Table3 shavs theresultof runningour ACE par
ticipatingmaximumentroy mentiondetectionsys-
temontheraw text, aswell asontruecasedext. For
ASR transcribeddocumentswe obtainedan eight
fold improvementin mentiondetectionfrom 5% F-
measurdo 46% F-measureThe low baselinescore
is mostly due to the fact that our systemhasbeen
trainedon newswire storiesavailablefrom previous
ACE evaluationswhile the latesttestdataincluded
ASR output. It is very likely thatthe improvement
dueto truecasingwill be more modestfor the next
ACE evaluationwhenour systemwill betrainedon
ASR outputaswell.

4 Possiblelmpr ovements& Future Work

Although the statisticalmodel we have considered
performsvery well, furtherimprovementsmustgo
beyond languagemodeling,enhancinghow expres-
sive the modelis. Additional featuresare needed
during decodingto capturecontet outsideof the
currentlexical item, mediumrangecontext, aswell
asdiscontinuousontext. Anotherpotentiallyhelp-
ful featureto considerwould provide a distribu-
tion over similar lexical items, perhapsusing an
edit/phonetidistance.

Truecasinganbe extendedto cover a moregen-
eral notion surface form to include accents. De-
pendingon the context, words might take different
surfaceforms. Sincepunctuationis a notion exten-
sion to surface form, shallav punctuationrestora-
tion (e.g. word followedby comma canalsobe ad-
dressedhroughtruecasing.

5 Conclusions

We have discussedruecasingthe processof restor
ing caseinformation to badly-casedor non-cased
text, and we have proposeda statistical,language
modelingbasedtruecasemhich hasan agreement
of 98% with professionallywritten news articles.
Althoughits mostdirectimpactis improving legibil-
ity, truecasings usefulin casenormalizatioracross
styles, genres,and sources. Truecasings a valu-

ablecomponentn furthernaturallanguageprocess-
ing. Taskbasedevaluationshavs a 26% F-measure
improvementin namedentity recognitionwhenus-
ing truecasing.In the contet of automaticcontent
extraction, mentiondetectionon automaticspeech
recognitiontext is improved by a factorof 8. True-
casingalsoenhancemachindranslatioroutputleg-
ibility and yields a BLEU scoreimprovement of
80:2% over theoriginal system.
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