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Abstract

This paperaddressesrecentprogressin
speaker-independent,large vocabulary,
continuousspeechrecognition,which
hasopenedupawide rangeof nearand
mid-termapplications.Onerapidly ex-
pandingapplicationareais theprocess-
ing of broadcastaudiofor information
access.At L IMSI, broadcastnews tran-
scriptionsystemshave beendeveloped
for English,French,German,Mandarin
andPortuguese,andsystemsfor other
languagesareunderdevelopment.Au-
dio indexation must take into account
the specificitiesof audiodata,suchas
needing to deal with the continuous
datastreamandanimperfectwordtran-
scription. Somenear-termapplications
areasare audio datamining, selective
disseminationof information and me-
diamonitoring.

1 Introduction

A majoradvancein speechprocessingtechnology
is theability of todayssystemsto dealwith non-
homogeneousdataasis exemplifiedby broadcast
data. With the rapid expansionof differentme-
diasources,thereis apressingneedfor automatic
processingof suchaudiostreams.Broadcastau-
dio is challengingasit containssegmentsof vari-
ousacousticandlinguisticnatures,whichrequire
appropriatemodeling. A specialsectionin the
Communications of the ACM devoted to “News

on Demand”(Maybury, 2000)includescontribu-
tions from many of the sitescarryingout active
researchin thisarea.

Via speechrecognition,spokendocumentre-
trieval (SDR) cansupportrandomaccessto rel-
evant portionsof audiodocuments,reducingthe
time neededto identify recordingsin largemulti-
mediadatabases.TheTREC(Text REtrievalCon-
ference)SDR evaluationshowed that only small
differencesin information retrieval performance
areobservedfor automaticandmanualtranscrip-
tions(Garofoloetal., 2000).

Large vocabulary continuousspeechrecogni-
tion (LVCSR)isakey technologythatcanbeused
to enablecontent-basedinformationaccessin au-
dio andvideodocuments.Sincemostof the lin-
guistic informationis encodedin theaudiochan-
nel of videodata,which oncetranscribedcanbe
accessedusingtext-basedtools.Thisresearchhas
beencarriedout in a multilingual environmentin
the context of several recentandongoingEuro-
peanprojects. We highlight recentprogressin
LVCSR and describesomeof our work in de-
veloping a systemfor processingbroadcastau-
dio for informationaccess.The systemhastwo
maincomponents,the speechtranscriptioncom-
ponentandthe informationretrieval component.
Versionsof the L IMSI broadcastnews transcrip-
tion systemhavebeendevelopedin AmericanEn-
glish,French,German,MandarinandPortuguese.

2 Progress in LVCSR

Substantialadvancesin speechrecognitiontech-
nologyhavebeenachievedduringthelastdecade.
Only a few yearsagospeechrecognitionwaspri-



marily associatedwith smallvocabulary isolated
wordrecognitionandwith speaker-dependent(of-
ten alsodomain-specific)dictationsystems.The
samecore technologyserves as the basisfor a
range of applicationssuch as voice-interactive
databaseaccessor limited-domaindictation, as
well as moredemandingtaskssuchas the tran-
scriptionof broadcastdata.With theexceptionof
theinherentvariability of telephonechannels,for
mostapplicationsit is reasonableto assumethat
the speechis producedin relatively stableenvi-
ronmentaland in somecasesis spokenwith the
purposeof beingrecognizedby themachine.

The ability of systems to deal with non-
homogeneousdataas is found in broadcastau-
dio (changingspeakers,languages,backgrounds,
topics) hasbeenenabledby advancesin a vari-
etyof areasincludingtechniquesfor robustsignal
processingandnormalization;improved training
techniqueswhichcantakeadvantageof verylarge
audio and textual corpora;algorithmsfor audio
segmentation;unsupervisedacousticmodeladap-
tation;efficientdecodingwith longspanlanguage
models;ability to usemuch larger vocabularies
thanin thepast- 64k wordsor moreis common
to reduceerrorsdueto out-of-vocabularywords.

With the rapid expansionof different media
sourcesfor informationdisseminationincluding
via the internet,thereis a pressingneedfor au-
tomaticprocessingof theaudiodatastream.The
vastmajority of audioandvideo documentsthat
are producedand broadcastdo not have associ-
atedannotationsfor indexationandretrieval pur-
poses,andsincemostof today’sannotationmeth-
ods requiresubstantialmanualintervention,and
the cost is too large to treat the ever increasing
volumeof documents.Broadcastaudio is chal-
lengingto processasit containssegmentsof vari-
ousacousticandlinguisticnatures,whichrequire
appropriatemodeling.Transcribingsuchdatare-
quiressignificantlyhigherprocessingpower than
what is neededto transcriberead speechdata
in a controlledenvironment,suchasfor speaker
adapteddictation. Although it is usually as-
sumedthat processingtime is not a major issue
sincecomputerpower hasbeenincreasingcon-
tinuously, it is alsoknown thattheamountof data
appearingon informationchannelsis increasing
at a closerate. Thereforeprocessingtime is an

importantfactorin makingaspeechtranscription
systemviablefor audiodataminingandotherre-
latedapplications.Transcriptionword errorrates
of about20%have beenreportedfor unrestricted
broadcastnewsdatain severallanguages.

As shown in Figure 1 the L IMSI broadcast
news transcriptionsystemfor automaticindexa-
tion consistsof anaudiopartitioneranda speech
recognizer.

3 Audio partitioning

The goal of audio partitioning is to divide the
acousticsignal into homogeneoussegments,la-
belingandstructuringtheacousticcontentof the
data, and identifying and removing non-speech
segments. The L IMSI BN audio partitionerre-
lies on an audiostreammixture model(Gauvain
etal., 1998).While it is possibleto transcribethe
continuousstreamof audiodatawithoutany prior
segmentation,partitioning offers several advan-
tagesover this straight-forwardsolution. First,
in additionto the transcriptionof whatwassaid,
other interesting information can be extracted
such as the division into speakerturns and the
speakeridentities,andbackgroundacousticcon-
ditions. This information can be usedboth di-
rectly and indirectly for indexation andretrieval
purposes.Second,by clusteringsegmentsfrom
the samespeaker, acousticmodeladaptationcan
be carriedout on a per clusterbasis,asopposed
to ona singlesegmentbasis,thusproviding more
adaptationdata. Third, prior segmentationcan
avoid problemscausedby linguistic discontinu-
ity at speakerchanges.Fourth,by usingacoustic
modelstrainedon particularacousticconditions
(suchas wide-bandor telephoneband), overall
performancecan be significantly improved. Fi-
nally, eliminatingnon-speechsegmentssubstan-
tially reducesthe computationtime. The result
of thepartitioningprocessis a setof speechseg-
mentsusuallycorrespondingtospeakerturnswith
speaker, genderand telephone/wide-bandlabels
(seeFigure2).

4 Transcription of Broadcast News

For eachspeechsegment,thewordrecognizerde-
terminesthe sequenceof words in the segment,
associatingstart and end times and an optional



confidencemeasurewith eachword. The L IMSI

system,in commonwith mostof today’sstate-of-
the-artsystems,makesuseof statisticalmodels
of speechgeneration. From this point of view,
messagegenerationis representedby a language
modelwhichprovidesanestimateof theprobabil-
ity of any givenword string,andtheencodingof
the messagein the acousticsignalis represented
by a probability densityfunction. The speaker-
independent65k word, continuousspeechrec-
ognizer makesuse of 4-gram statisticsfor lan-
guagemodelingandof continuousdensityhidden
Markov models(HMMs) with Gaussianmixtures
for acousticmodeling.Eachword is represented
by oneor moresequencesof context-dependent
phonemodelsasdeterminedby its pronunciation.
Theacousticandlanguagemodelsaretrainedon
large, representative corpora for eachtask and
language.

Processingtime is animportantfactorin mak-
ing a speechtranscriptionsystemviable for au-
tomaticindexationof radioandtelevision broad-
casts. For many applicationsthere are limita-
tionson theresponsetimeandtheavailablecom-
putationalresources,which in turn can signifi-
cantly affect the designof the acousticand lan-
guagemodels.Word recognitionis carriedout in
oneor moredecodingpasseswith moreaccurate
acousticandlanguagemodelsusedin successive
passes.A 4-gramsinglepassdynamicnetwork
decoderhasbeendeveloped(GauvainandLamel,
2000)whichcanachieve fasterthanreal-timede-
codingwith a word error under30%, runningin
lessthan100Mb of memoryon widely available
platformssuchPentiumIII or Alphamachines.

5 Multilinguality

A characteristicof thebroadcastnews domainis
that,atleastfor whatconcernsmajornewsevents,
similar topicsaresimultaneouslycoveredin dif-
ferent emissionsand in different countriesand
languages.Automaticprocessingcarriedout on
contemporaneousdata sourcesin different lan-
guagescanserve for multi-lingual indexationand
retrieval. Multilinguality is thusof particularin-
terestfor mediawatchapplications,wherenews
mayfirst breakin anothercountryor language.

At L IMSI broadcastnewstranscriptionsystems
have beendevelopedfor the AmericanEnglish,

French,German,Mandarinand Portugueselan-
guages.The Mandarinlanguagewaschosenbe-
causeit is quite different from the other lan-
guages(toneand syllable-based),andMandarin
resourcesareavailablevia theLDC aswell asref-
erenceperformanceresults.

Our system and other state-of-the-artsys-
tems can transcribeunrestrictedAmerican En-
glish broadcastnews datawith word error rates
under20%. Our transcriptionsystemsfor French
andGermanhavecomparableerrorratesfor news
broadcasts(Adda-Deckeret al., 2000). The
charactererror rate for Mandarin is also about
20% (Chen et al., 2000). Basedon our expe-
rience,it appearsthat with appropriatelytrained
models,recognizerperformanceis moredepen-
dentuponthetypeandsourceof data,thanonthe
language.For example,documentariesarepartic-
ularlychallengingto transcribe,astheaudioqual-
ity is oftennotvery high,andthereis a largepro-
portionof voiceover.

6 Spoken Document Retrieval

The automaticallygeneratedpartition and word
transcriptioncan be usedfor indexation and in-
formation retrieval purposes. Techniquescom-
monly appliedto automatictext indexation can
be appliedto the automatictranscriptionsof the
broadcastnews radio andTV documents.These
techniquesarebasedon documenttermfrequen-
cies,wherethe termsareobtainedafter standard
text processing,suchas text normalization,tok-
enization,stoppingandstemming.Most of these
preprocessingstepsarethesameasthoseusedto
preparethe texts for training the speechrecog-
nizer languagemodels.While this offersadvan-
tagesfor speechrecognition,it canleadto IR er-
rors.For betterIR results,somewordssequences
correspondingto acronymns,multiword named-
entities(e.g. Los Angeles),andwordspreceded
by someparticularprefixes(anti, co, bi, counter)
arerewritten asa singleword. Stemmingis used
to reducethenumberof lexical itemsfor a given
wordsense.Thestemminglexiconcontainsabout
32000entriesandwasconstructedusingPorter’s
algorithm(Porter80,1980)on the mostfrequent
words in the collection,and thenmanuallycor-
rected.

Theinformationretrieval systemreliesonaun-
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Figure1: Overview of anaudiotranscriptionsystem.Theaudiopartitionerdividesthedatastreaminto
homogeneousacousticsegments,removing non-speechportions. The word recognizeridentifiesthe
wordsin eachspeechsegment,associatingtime-markerswith eachword.

� audiofilefilename=1998041116001630CNN HDL language=english�
� segmenttype=widebandgender=femalespkr=1stime=50.25etime=86.83�
� wtimestime=50.38etime=50.77� c.n.n.
� wtimestime=50.77etime=51.10� headline� wtimestime=51.10etime=51.44� news
� wtimestime=51.44etime=51.63� i’m� wtimestime=51.63etime=51.92� robert
� wtimestime=51.92etime=52.46� johnson
it is a dayof final farewells in alabamathefirst funeralsfor victims of this week’s tornadoesarebeingheld todayalong
with causingmassive propertydamagethe twisterskilled thirty threepeoplein alabamafive in georgia and one each
in mississippiandnorth carolinathe nationalweatherservicesaysthe tornadothat hit jeffersoncountyin alabamahad
windsof morethantwo hundredsixty milesperhourauthoritiesspeculatedwasthemostpowerful tornadoever to hit the
southeasttwistersdestroyedtwo churchesto fire stationsanda schoolparishionerswerein onechurchwhenthetornado
struck� /segment�

� segmenttype=widebandgender=femalespkr=2stime=88.37etime=104.86�
atonepointwhenthetablecameontomy backi thoughtyesthis is it i’m readyreadyprotectsprotectthechildrenbecause
thechildrenscreamingthechildrenwerescreamingthey werescreamingin prayerthatwerescreaminggodhelpus� /segment�

� segmenttype=widebandgender=femalespkr=1stime=104.86etime=132.37�
vice presidental goretouredtheareayesterdayhe calledit theworst tornadodevastationhe’s ever seenwe will have a
completelook at theweatheracrosstheu. s. in ourextendedweatherforecastin six minutes

� /segment�
. . .� segmenttype=widebandgender=malespkr=19stime=1635.60etime=1645.71�
soif their computingsystemsdon’t tacklethis problemwell we havea potentialbusinessdisruptionandeithererroneous
deliveriesor misdeliveriesor whateversavvy businessesarepreparingnow sothejanuaryfirst two thousandwould justbe
anotherdayonthetown notadaywhenfastfoodandeverythingelseslowsdown rick lockridgec.n.n.� /segment�

� /audiofile�

Figure2: Examplesystemoutputobtainedby automaticprocessingof theaudiostreamof aCNN show
broadcastedonApril 11,1998at4pm.Theoutputincludesthepartitioningandtranscriptionresults.To
improve readability, word time stampsaregivenonly for thefirst 6 words.Non speechsegmentshave
beenremoved andthe following informationis provided for eachspeechsegment: signalbandwidth
(telephoneor wideband),speakergender, andspeakeridentity (within theshow).



Transcriptions Werr Base BRF
Closed-captions - 46.9% 54.3%
10xRT 20.5% 45.3% 53.9%
1.4xRT 32.6% 40.9% 49.4%

Table 1: Impact of the word error rate on the
meanaverageprecisionusingusinga1-gramdoc-
umentmodel. The documentcollectioncontains
557 hoursof broadcastnews from the periodof
FebruarythroughJune1998. (21750stories,50
querieswith theassociatedrelevancejudgments.)

igrammodelperstory. Thescoreof astoryis ob-
tainedby summingthequerytermweightswhich
aresimply thelog probabilitiesof thetermsgiven
the storymodelonceinterpolatedwith a general
English model. This term weighting has been
shown to performaswell asthepopularTF � IDF
weighting scheme(Hiemstraand Wessel,1998;
Miller et al., 1998;Ng, 1999;Sp̈ark Joneset al.,
1998).

The text of the querymayor may not include
the index terms associatedwith relevant docu-
ments. Oneway to copewith this problemis to
usequeryexpansion(Blind RelevanceFeedback,
BRF (WalkeranddeVere,1990))basedon terms
presentin retrievedcontemporarytexts.

The systemwasevaluatedin the TREC SDR
track, with known story boundaries. The SDR
datacollection contains557 hoursof broadcast
news from the period of FebruarythroughJune
1998. This dataincludes21750storiesanda set
of 50 querieswith theassociatedrelevancejudg-
ments(Garofoloetal., 2000).

In order to assessthe effect of the recogni-
tion time on the informationretrieval resultswe
transcribedthe557hoursof broadcastnews data
using two decoderconfigurations:a singlepass
1.4xRT systemand a threepass10xRT system.
The word error ratesaremeasuredon a 10h test
subset(Garofoloet al., 2000). The information
retrieval resultsare given in termsof meanav-
erageprecision(MAP), asis donefor the TREC
benchmarksin Table1 with andwithoutqueryex-
pansion. For comparison,resultsarealsogiven
for manually producedclosedcaptions. With
query expansioncomparableIR resultsare ob-
tainedusing the closedcaptionsand the 10xRT
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Figure 3: Histogramof the numberof speaker
turnspersectionin 100hoursof audiodatafrom
radio andTV sources(NPR, ABC, CNN, CSPAN)
from May-June1996.

transcriptions,and a moderatedegradation(4%
absolute)is observedusingthe1.4xRT transcrip-
tions.

7 Locating Story Boundaries

Thebroadcastnewstranscriptionsystemalsopro-
videsnon-lexical informationalongwith theword
transcription. This information is available in
the partition of the audio track, which identifies
speakerturns. It is interestingto seewhetheror
not suchinformationcanbe usedto help locate
story boundaries,sincein the generalcasethese
arenotknown. Statisticsweremadeon100hours
of radioandtelevision broadcastnewswith man-
ual transcriptionsincludingthespeakeridentities.
Of the2096sectionsmanuallymarkedasreports
(consideredstories),40% startwithout a manu-
ally annotatedspeakerchange.This meansthat
usingonly speakerchangeinformationfor detect-
ing documentboundarieswould miss40%of the
boundaries.With automaticallydetectedspeaker
changes,thenumberof missedboundarieswould
certainly increase.At the sametime, 11,160of
the12,439speakerturnsoccurin themiddleof a
document,resultingin afalsealarmrateof almost
90%. A moredetailedanalysisshows thatabout
50%of thesectionsinvolve a singlespeaker, but
that the distribution of the numberof speaker
turnspersectionfalls off very gradually(seeFig-
ure3). Falsealarmsarenot asharmfulasmissed
detections,sinceit maybepossibleto merge ad-
jacentturnsinto a singledocumentin subsequent
processing.Theseresultsshow thatevenperfect
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Figure4: Distributionof documentdurationsfor
100hoursof datafrom May-June1996(top)and
for 557hoursfrom February-June1998(bottom).

speakerturnboundariescannotbeusedasthepri-
marycuefor locatingdocumentboundaries.They
can, however, be used to refine the placement
of a documentboundarylocatedneara speaker
change.

We alsoinvestigatedusingsimplestatisticson
the durationsof the documents.A histogramof
the 2096 sectionsis shown in Figure 4. One
third of thesectionsareshorterthan30 seconds.
The histogramhasa bimodaldistribution with a
sharppeakaround20 seconds,anda smaller, flat
peak around2 minutes. Very short documents
aretypical of headlineswhich areutteredby sin-
gle speaker, whereaslongerdocumentsaremore
likely to containdatafrom multiple talkers.This
distribution ledusto considerusinga multi-scale
segmentationof theaudiostreaminto documents.
Similarstatisticsweremeasuredonthelargercor-
pus(Figure4 bottom).

As proposedin (Abberley et al., 1999; John-
son et al., 1999), we segmentthe audio stream
into overlappingdocumentsof a fixed duration.
As a resultof optimization,we chosea 30 sec-
ond window durationwith a 15 secondoverlap.

Sincetherearemany storiessignificantlyshorter
than 30s in broadcastshows (seeFigure 4) we
conjuncturedthat it may be of interestto usea
doublewindowing systemin order to bettertar-
getshortstories(Gauvain et al., 2000).Thewin-
dow sizeof the smallerwindow wasselectedto
be 10 seconds.So for eachquery, we indepen-
dently retrieved two setsof documents,one set
for eachwindow size. Then for eachdocument
set,documentrecombinationis doneby merging
overlappingdocumentsuntil no further merges
arepossible.Thescoreof a combineddocument
is setto maximumscoreof any oneof the com-
ponents. For eachdocumentderived from the
30s windows, we producea time stamplocated
at the centerpoint of the document. However,
if any smallerdocumentsare embeddedin this
document,we take the centerof the best scor-
ing document.Thiswaywe try to takeadvantage
of both window sizes. The MAP usinga single
30swindow and the doublewindowing strategy
areshown in Table2. For comparison,theIR re-
sultsusingthemanualstorysegmentationandthe
speakerturnslocatedby theaudiopartitionerare
alsogiven. All conditionsusethesamewordhy-
pothesesobtainedwith aspeechrecognizerwhich
hadnoknowledgeaboutthestoryboundaries.

manualsegmentation(NIST) 59.6%
audiopartitioner 33.3%
singlewindow (30s) 50.0%
doublewindow 52.3%

Table2: Meanaverageprecisionwith manualand
automaticallydeterminedstory boundaries.The
documentcollectioncontains557hoursof broad-
castnews from the period of Februarythrough
June1998. (21750stories,50 querieswith the
associatedrelevancejudgments.)

Fromtheseresultswecanclearlyseetheinter-
estof usinga searchenginespecificallydesigned
to retrieve storiesin the audiostream.Using an
a priori acousticsegmentation,the meanaver-
ageprecisionis significantly reducedcompared
to a “perfect” manualsegmentation,whereasthe
window-basedsearchengine results are much
closer. Note that in the manualsegmentationall
non-storysegmentssuchasadvertisinghavebeen



removed. This reducestherisk of having out-of-
topic hits andexplainspart of the differencebe-
tweenthisconditionandtheotherconditions.

Theproblemof locatingstoryboundariesis be-
ing further pursuedin the context of the ALERT

project,whereoneof thegoalsis to identify “doc-
uments”given topic profiles. This project is in-
vestigatingthe combineduseof audioandvideo
segmentationto moreaccuratelylocatedocument
boundariesin thecontinuousdatastream.

8 Recent Research Projects

The work presentedin this paperhasbenefited
from avarietyof researchprojectsbothat theEu-
ropeanandNational levels. Thesecollaborative
efforts have enabledaccessto real-worlddataal-
lowing usto developalgorithmsandmodelswell-
suitedfor near-termapplications.

The European project LE-4 OLIVE: A
Multilingual Indexing Tool for Broadcast
Material Based on Speech Recognition
(http://twentyone.tpd.tno.nl/ olive/) addressed
methodsto automatethe disclosureof the infor-
mation contentof broadcastdata thus allowing
content-basedindexation. Speechrecognition
was usedto producea time-linked transcriptof
theaudiochannelof a broadcast,which wasthen
used to producea conceptindex for retrieval.
Broadcastnews transcriptionsystemsfor French
and Germanwere developed. The Frenchdata
comefrom avarietyof televisionnewsshowsand
radio stations. The Germandataconsistof TV
newsanddocumentariesfrom ARTE. OLIVE also
developedtools for usersto query the database,
aswell ascross-lingualaccessbasedon off-line
machinetranslationof the archived documents,
andonlinequerytranslation.

The Europeanproject IST ALERT: Alert sys-
tem for selective dissemination (http://www.fb9-
ti.uni-duisburg.de/alert)aims to associatestate-
of-the-art speechrecognition with audio and
video segmentationand automatictopic index-
ing to develop an automaticmedia monitoring
demonstratorandevaluateit in thecontext of real
world applications. The targetedlanguagesare
French,GermanandPortuguese.Major media-
monitoringcompaniesin Europeareparticipating
in thisproject.

Two otherrelatedFP5IST projectsare:CORE-

TEX: Improving Core Speech Recognition Tech-
nology and ECHO: European CHronicles On-
line. CORETEX (http://coretex.itc.it/), aims at
improving corespeechrecognitiontechnologies,
which are central to most applicationsinvolv-
ing voice technology. In particular the project
addressesthe development of generic speech
recognitiontechnologyand methodsto rapidly
port technologyto new domainsand languages
with limited supervision, and to produce en-
richedsymbolicspeechtranscriptions.TheECHO

project(http://pc-erato2.iei.pi.cnr.it/echo) aimsto
develop an infrastructurefor accessto histori-
cal films belongingto large nationalaudiovisual
archives. The projectwill integratestate-of-the-
art languagetechnologiesfor indexing, searching
andretrieval, cross-languageretrieval capabilities
andautomaticfilm summarycreation.

9 Conclusions

Thispaperhasdescribedsomeof theongoingre-
searchactivites at L IMSI in automatictranscrip-
tion and indexation of broadcastdata. Much of
this research,which is at the forefront of todays
technology, is carriedout with partnerswith real
needsfor advancedaudio processingtechnolo-
gies.

Automatic speechrecognitionis a key tech-
nology for audio and video indexing. Most of
the linguistic information is encodedin the au-
dio channelof videodata,whichoncetranscribed
canbeaccessedusingtext-basedtools. This is in
contrastto the imagedatafor which no common
descriptionlanguageis widely adpoted. A va-
riety of near-term applicationsarepossiblesuch
asaudiodatamining, selective disseminationof
information(News-on-Demand),mediamonitor-
ing, content-basedaudioandvideoretrieval.

It appearsthat with word error rateson the
order of 20%, comparableIR results to those
obtainedon text data can be achieved. Even
with higher word error rates obtainedby run-
ning a fastertranscriptionsystemor by transcrib-
ing compressedaudio data(Barraset al., 2000;
J.M. VanThonget al., 2000)(suchasthatcanbe
loadedover the Internet),the IR performancere-
mainsquitegood.
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