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ABSTRACT
In this paperwe describethe LIMSI SpokenDocumentRe-

trieval systemusedin the TREC-9evaluation. This systemcom-
binesanadaptedversionof theLIMSI 1999Hub-4Etranscription
systemfor speechrecognitionwith text-basedIR methods.Com-
paredwith the LIMSI TREC-8system,this year’s systemis able
to index theaudiodatawithout knowledgeof thestoryboundaries
usinga doublewindowing approach.Thequeryexpansionproce-
dureof the informationretrieval componenthasbeenrevisedand
makesuseof contemporaneoustext sources.

Experimentalresultsarereportedin termsof meanaveragepre-
cision for both the TREC SDR’99andSDR’00 queriesusingthe
same557hdataset.Themeanaverageprecisionof this year’s sys-
tem is 0.5250for SDR’99 and 0.3706for SDR’00 for the focus
unknownstoryboundaryconditionwith a20%worderrorrate.

1. INTRODUCTION

This paperdescribesthe LIMSI broadcastnews index-
ating andretrieval systemdevelopedfor the TREC-9Spo-
ken DocumentRetrieval track. Comparedwith the LIMSI
TREC-8 SDR system,both the speechtranscriptionsys-
temandthe informationretrieval componenthave beenim-
proved. Concerningthe speechrecognizer, we have both
spedupthedecoderandslightly reducedtheworderrorrate.
Thequeryexpansionprocedureof the informationretrieval
componenthasbeenrevisedandthecapabilityto index non-
segmentedaudiostreamsfor theunknown storyboundaries
conditionhasbeenadded.

Duringourdevelopementworkweinvestigatedtheimpact
of varioussystemparametersontheIR resultsincluding:the
transcriberspeed,the epochof the texts usedfor queryex-
pansion,the query expansionterm weighting strategy, the
querylength,andtheuseof non-lexical information.

Mostof thereportedresultsherewereobtainedusingthe
TREC-8SDR’99conditions,i.e. theTREC-8datacollection
consistingof 557 hoursof broadcastnews from the period
of FebruarythroughJune1998. This dataincludes21750
storiesandhasanassociatedsetof 50queries.

Theremainderof thispaperis asfollows: In thenext three
sectionswe provide anoverview of the broadcastnews in-
dexationandinformationretrieval components,followedby
aninvestigationof theimpactof decodingspeedandthecon-

sequenceof theword error rateon theinformationretrieval
process.Thesubsequenttwo sectionsaddressqueryexpan-
sion and the useof non-lexical information. We then de-
scribehow we addressedthe unknown storyboundarycon-
dition andthetersequeryconditionin thisyear’sevaluation.
Comparative resultsare given on the developmentqueries
from SDR’99 and this year’s queryset, andsomeconclu-
sionsaremade.

2. TRANSCRIPTION SYSTEM OVERVIEW

TheLIMSI broadcastnews transcriptionsystem[5] con-
sistsof anaudiopartitioner[10] andaspeechrecognizer[11,
12]. The goal of audiopartitioningis to divide the acous-
tic signal into homogeneoussegments,labeling andstruc-
turing theacousticcontentof thedata.Partitioningconsists
of identifying andremoving non-speechsegments,andthen
clusteringthespeechsegmentsandassigningbandwidthand
genderlabelsto eachsegment.Theresultof thepartitioning
processis a setof speechsegmentswith cluster, genderand
telephone/widebandlabels,which can be usedto generate
metadataannotations.Thepartitioningapproachusedin the
LIMSI BN transcriptionsystemrelieson an audiostream
mixture model[10]. Eachcomponentaudiosource,repre-
sentinga speakerin a particularbackgroundand channel
condition,is modeledby a GMM. Thesegmentboundaries
and labels are jointly identified by an iterative maximum
likelihood segmentation/clusteringprocedureusingGMMs
andagglomerativeclustering.

For eachspeechsegment,thewordrecognizerdetermines
thesequenceof wordsin thesegment,associatingstartand
end times and an optional confidencemeasurewith each
word. The speaker-independentlarge vocabulary, contin-
uousspeechrecognizermakesuseof n-gramstatisticsfor
languagemodelingandof continuousdensityHMMs with
Gaussianmixturesfor acousticmodeling.Word recognition
is usuallyperformedin threesteps:1) initial hypothesisgen-
eration,2) word graphgeneration,3) final hypothesisgen-
eration. The hypothesesareusedin cluster-basedacoustic
modeladaptationusing the MLLR technique[16] prior to
wordgraphgeneration,andall subsequentdecodingpasses.
The final hypothesisis generatedusinga 4-gramlanguage



model.
For all theexperimentalresultsgivenin thispaper, thefol-

lowing trainingconditionswereused.Theacousticmodels
weretrainedonabout150hoursof AmericanEnglishbroad-
castnews data. The phonemodelsareposition-dependent
triphones,with about11500tied-statesfor thelargestmodel
set. The state-tyingis obtainedvia a divisive, decisiontree
basedclusteringalgorithm. Widebandand telephoneband
setsof gender-dependentacousticmodelswerebuilt using
MAP adaptationof SI seedmodels. Fixed languagemod-
els wereobtainedby interpolationof � -grambackoff lan-
guagemodelstrainedon 3 differentdatasets:203M words
of BN transcripts;343 M words of NAB newspapertexts
andAP Wordstreamtexts;1.6M wordscorrespondingto the
transcriptionsof the acoustictraining data. The interpola-
tion coefficients of theseLMs werechosenso as to mini-
mizetheperplexity ontheHub4Nov98evaluationdata.The
4-gramLM contains7M bigrams,14M trigramsand11M
fourgrams.

The recognitionword list contains65122 words. The
wordpronunciationsarebasedon a 48 phoneset(3 of them
areusedfor silence,filler words,andbreathnoises).A pro-
nunciationgraphis associatedwith eachword so asto al-
low for alternatepronunciations,includingoptionalphones.
Frequentinflectedformshave beenverifiedto providemore
systematicpronunciations.As donein the past,compound
wordsfor about300frequentword sequencessubjectto re-
ducedpronunciationswereincludedin thelexiconaswell as
therepresentationof themostfrequentacronymsaswords.

3. INFORMATION RETRIEVAL

Theautomaticallygeneratedpartitionandwordtranscrip-
tion canbeusedfor indexationandinformationretrievalpur-
poses.Techniquescommonlyappliedto automatictext in-
dexationwereappliedto theautomatictranscriptionsof the
broadcastnews radio and TV documents.Theseclassical
techniquesarebasedon documentterm frequencies,where
the termsareobtainedafter standardtext processing,such
astext normalization,tokenization,stopping,stemmingand
named-entityidentification.

In order to be able to apply the sameIR systemto dif-
ferenttext datatypes(automatictranscriptions,closedcap-
tions,additionaltexts from newspapersor newswires),all of
thedocumentsarepreprocessedin a homogeneousmanner.
This preprocessing,or tokenization,is the sameasthe text
sourcepreparationfor training the speechrecognizerlan-
guagemodels[7], andattemptsto transformthe texts to be
closerto the observedAmericanspeakingstyle. The basic
operationsincludetranslatingnumbersandsumsinto words,
removing all the punctuationsymbols,removing casedis-
tinctionsanddetectingacronymsandspellednames.How-
ever removing all punctuationsimpliesthatcertainhyphen-
atedwordssuchasanti-communist, non-profit arerewritten

asanti communistandnon profit. While this offersadvan-
tagesfor speechrecognition,it can lead to IR errors. To
avoid IR problemsdue to this type of transformation,the
outputof thetokenizer(andrecognizer)is checkedfor com-
monprefixes,in orderto rewrite a sequenceof wordssuch
asanti communistas a singleword. The prefixes that are
handledincludeanti, co, bi, counter. A rewrite lexiconcon-
taining compoundwordsformedwith theseprefixesanda
limited numberof namedentities(suchas Los-Angeles) is
usedto transformthe texts. Similarly all numberslessthan
onehundredare treatedasa singleentity (suchas twenty-
seven).

In orderto reducethenumberof lexical itemsfor a given
wordsense,eachword is translatedinto its stem(asdefined
in [2, 21]) or, moregenerally, into aform thatis chosenasbe-
ing representativeof its semanticfamily. Thestemminglex-
icon (derivedfrom theUMass‘porterized’lexicon) [2] con-
tainsabout32000entriesandwasconstructedusingPorter’s
algorithmon themostfrequentwordsin thecollection,and
thenmanuallycorrected.

Two approachesfor IR were explored for SDR’99 and
this year, the first basedon the popular TF� IDF weigth-
ing schemeandthesecondusinga Markovian termweight-
ing [14, 17,19].

For theTF� IDF approach,thescoreof document� for a
queryis givenby theOkapi-BM25formula[22, 23]. It is the
sumover all theterms� in thequeryof:

cw��� 	�

�������� � tf ��� 	 � ����������� ��� 	 ��� tf ��� 	 ���! #"%$$ �

� qtf�
wheretf �&� 	 is the numberof occurrencesof term � in docu-
ment � (i.e. termfrequency in document),$ � is thenumber
of documentscontainingterm � at leastonce, $ is the total
numberof documentsin the collection, � 	 is the lengthof
document� dividedby theaveragelengthof thedocuments
in thecollection,andqtf� thenumberof occurrencesof term� in thequery.

For the secondapproachthe scoreof a story is obtained
by summingthequerytermweightsmw��� 	 whicharetheun-
igram log probabilitiesof the termsgiven the story model
onceinterpolatedwith a generalEnglishmodel:

mw�&� 	 
 qtf� ���! #" �('*)�+,� �.- � �/�������0'��1)�+,� � �2�43
The text of the querymay or may not includethe index

termsassociatedwith relevantdocuments.Oneway to cope
with this problemis to usequeryexpansionbasedon terms
presentin retrieveddocumentsonthesame(Blind Relevance
Feedback,BRF) or other (Parallel Blind RelevanceFeed-
back,PBRF) datacollections[24]. For SDR’99 we com-
binedthe two approchesin our system.For PBRFwe used
6 monthsof commerciallyavailable broadcastnews tran-
scriptsfrom the periodjun-dec1997[1]. This corpuscon-
tains50000storiesand49.5M words.For agivenquery, the



termsfoundin thetop 5 documentsfromthebaselinesearch
arerankedby theiroffer weight[23], andthetop 6 termsare
addedto the query. Sinceonly the 6 termswith bestoffer
weightsarekept, the termsarefiltered usinga stop list of
144commonwords,in orderto increasethe likelihood that
theresultingtermsarerelevant.

Table1 givestheresultsfor bothcwandmwtermweight-
ingsfor theSDR’99dataset. Four experimentalconfigura-
tions arereported:baselinesearch(base), queryexpansion
usingBRF (brf), queryexpansionwith parallelBRF (pbrf)
andqueryexpansionusingbothBRF andPBRF(brf+pbrf).
For BRF andPBRF, the termsareaddedto the querywith
a weightof 1. For BRF+PBRF, the termsfrom eachsource
areaddedwith a weightof 0.5. The resultsclearlydemon-
stratethe interestof usingboth BRF andPBRFexpansion
techniques,asconsistentimprovementsareobtainedoverthe
baselinesystemfor thetwo conditions(R1 andS1). BRF is
foundto bemoreeffectivefor boththeS1condition(therec-
ognizertranscripts)andthe R1 condition(the manualtran-
scripts).

data meth. base brf pbrf brf+pbrf
R1K tf � idf 0.4711 0.5318 0.5147 0.5487

unigram 0.4691 0.5354 0.5098 0.5430
S1K tf � idf 0.4327 0.5239 0.4919 0.5350

unigram 0.4412 0.5302 0.4943 0.5398

Table 1: Comparisonof IR resultson the SDR’99 dataset us-
ing both Okapi andMarkovian term weightings( 7 =0.86, 8 =1.1,9

=15, : =10, ; =0.5). R1: referencetranscript. S1: automatic
speechtranscription.K: known storyboundarycondition.

The two IR approachesareseento yield comparablere-
sults [13]. Only small differencesin information retrieval
performanceasgiven by the meanaverageprecisionwere
observed for automaticandmanualtranscriptionswhenthe
storyboundariesareknown.

4. DECODING SPEED

Processingtime is animportantfactorin makingaspeech
transcriptionsystemviablefor automaticindexationof radio
andtelevisionbroadcasts.Whenonlyconcernedby theword
error rate, it is commonto designsystemsthat run in 100
timesreal-timeor more.Althoughit is usuallyassumedthat
processingtime is not a major issuesincecomputerpower
hasbeenincreasingcontinuously, it is alsoknown that the
amountof dataappearingoninformationchannelsis increas-
ing very rapidly. Thereforeprocessingtime is an important
factorin makingaspeechtranscriptionsystemviablefor au-
dio datamining andotherrelatedapplications.Constraints
on thecomputationalresourcesled usto reconsidersomeof
the systemdesignissues,particularly thoseconcerningthe
acousticmodelsandthedecodingstrategy. We investigated
the designof a systemwhich performswell with computa-

tionalresourcesin therange1 to 10xRT oncommonlyavail-
ableplatforms.A new decoderwasimplementedwith which
broadcastdatacanbetranscribedin few timesreal-timewith
only a slight increasein word error ratewhencomparedto
ourbestsystem.

A 4-gramsinglepassdynamicnetworkdecoderhasbeen
developed.It is atime-synchronousViterbi decoderwith dy-
namicexpansionof LM stateconditionedlexical trees[3, 18,
20] with acousticandlanguagemodellookaheads.Thede-
codercanhandleposition-dependent,cross-wordtriphones
andlexiconswith contextual pronunciations.It makesuse
of variouspruning techniquesto reducethe searchspace
andcomputationtime, including threeHMM-statepruning
beamsandfastGaussianlikelihoodcomputations.It canalso
generatewordgraphsandrescorethemwith differentacous-
tic andlanguagemodels.Fasterthanreal-timedecodingcan
beobtainedusingthisdecoderwith aworderrorunder30%,
runningin lessthan100Mb of memoryonwidely available
platformssuchPentiumIII or Alphamachines.

The decoderby itself doesnot solve by itself the prob-
lem of reducingtherecognitiontime aspropermodelshave
to beusedin orderto optimizetherecognizeraccuracy at a
givendecodingspeed.In general,bettermodelshave more
parameters,andthereforerequiremorecomputation.How-
ever, sincethemodelsaremoreaccurate,it is oftenpossible
to usea tighter pruning level (thus reducingthe computa-
tional load)without any lossin accuracy. Thus,limitations
on the available computationalresourcesaffect the design
of the acousticand languagemodels. For eachoperating
point,theright balancebetweenmodelcomplexity andprun-
ing level mustbefound.

In orderto assesstheeffect of therecognitiontime on the
informationretrieval resultswe transcribedthe557hoursof
broadcastnews data(the TREC SDR’99 dataset – epoch
Feb98to Jun98)usingtwo decoderconfigurations:a single
pass1.4xRT systemanda threepass10xRT system. The
SDR’99 test dataconsistsof 21750storiesand an associ-
atedsetof 50 querieswith on average14 words. Although
storyboundariesareavailable,this informationis not used
by the speechrecognizer. The informationretrieval results
are given in term of meanaverageprecison(MAP), as is
donefor theTRECbenchmarks.Word error ratesaremea-
suredon a 10h testsubset[6]. For comparison,resultsare
alsogivenfor manuallyproducedclosedcaptions.In order
for the sameIR systemto be appliedto differenttext data
types(automatictranscriptions,closedcaptions,additional
texts from newspapersor newswires),all of the documents
arepreprocessedin a homogeneousmanner. This prepro-
cessing,or tokenization,is thesameasthetext sourceprepa-
rationfor trainingthespeechrecognizerlanguagemodels.

Table2 givesthe word error ratesandIR resultsfor the
threesetsof transcriptionswith and without queryexpan-
sion.Queryexpansionusesblind relevancefeedback(BRF)



Transcriptions Werr Base BRF
Closed-captions - 0.4691 0.5430
10xRT 20.5% 0.4528 0.5385
1.4xRT 32.6% 0.4090 0.4938

Table 2: Impactof theword errorrateon themeanaveragepreci-
sionusingtheSDR’99conditionsusinga1-gramdocumentmodel.

pbrf’99 brf+pbrf ’99 pbrf’00
0.5017 0.5397 0.5956

Table 3: Comparisonof queryexpansionschemeson theSDR’99
datawith known storyboundaries.

on both the audiodocumentcollectionandsomecommer-
cially availablebroadcastnews transcriptspredatingtheau-
dio corpus(Jun-Dec1997vsFeb-Jun1998).With queryex-
pansioncomparableIR resultsareobtainedusingtheclosed
captionsandthe10xRT transcriptions,anda smalldegrada-
tion (4% absolute)is observed usingthe 1.4xRT transcrip-
tions.

5. QUERY EXPANSION
In our SDR’99 systemquery expansionwas done by

addingterms presentin retrieved documentson the same
datacollectionandin anindependentsetof texts. For PBRF
we madeuseof 6 monthsof commerciallyavailablebroad-
castnewstranscriptsfor coveringtheperiodof Junethrough
December1997[1] (50000storiesand49.5M words).How-
ever, theSDR’00specifications(aswell astheSDR’99spec-
ifications)allow us to usetexts (except for BN transcripts)
covering exactly the sameepochof the audiodata. There-
fore this yearwe implemetedPBRFusing3 sourcesof con-
temporarynewspaperdata: the New York Times, the Los
AngelesTimesandthe WashingtonPost. The parallelcor-
pusconatineda total of 42 M wordsand78 K documents
betweenJan98andJun98.Experimentswith thesetexts on
theSDR’99show thatPBRFusingcontemporarytextsoffers
asignificantperformancegaincomparedwith aPBRFusing
texts predatingtheaudiodata. In fact we foundthatwe no
longerneededto combinebothBRFandPBRF, sincePRBF
with thenew textsgave comparablebenefits.

This yearwe alsochangedthe termweightingusedwith
query expansion,using a weight proportionalto the offer
weightasdefinedin [23, 15]. This approachallowedus to
significantlyincreasethenumberof expansionterms,going
from 10 termswith the previousapproachto 25 termswith
the termweighting. Thesumof theweightsfor the expan-
siontermsis setto thenumberof addedterms,i.e., 25. Ta-
ble3showsthecombinedimprovmentobtainedwith thenew
queryexpansionschemeon theSDR’99data.Theseresults
wereobtainedusingtheOkapitermweightingwith aparam-
etersetting(b=0.7,K=1.2) anda slighlty differentstemmer
from thatusedfor theresultsreporterearlierin thispaper.
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Figure 1: Histogramof thenumberof speakerturnspersectionin
the1997Hub-4dataset.

6. NON-LEXICAL INFORMATION

The broadcastnews transcriptionsystemalso provides
non-lexical information along with the word transcription.
This information is available in the partition of the audio
track, which identifiesspeakerturns. We investigatedthe
useof automaticallydetectedspeakerchangesfor locating
documentboundaries.Statisticsweremadeon the1997En-
glish Hub-4 training dataset,which consistsof about100
hoursof radio and television broadcastnews with manual
transcriptionandspeakeridentification. On this set, 2096
sectionsweremanuallymarkedasreportsectionsandused
as documentsfor the SDR’98 evaluation. Among them,
817sections(about40%)startwithoutamanuallyannotated
speakerchange.This meansthatusingonly speakerchange
informationfor detectingdocumentboundarieswouldresult
in 40%missedboundaries.Thisfigurewouldlikely increase
with theuseof automaticallydetectedspeakerchanges.At
the sametime, 11,160of the total of 12,439speakerturns
occur in the middle of a document,which gives almosta
90%falsealarmrate. A moredetailedanalysisshows that
about50%of thesectionsinvolve a singlespeaker, but that
the distribution of the numberof speakerturnsper section
falls off verygraduallyfrom 2 to 20 speakers(cf. Figure1).
Falsealarmsarenotasharmfulasmisseddetections,sinceit
is possibleto mergeadjacentturnsinto asingledocumentin
subsequentprocessing.However theseresultsshow clearly
thatevenperfectspeakerturn boundariescannotbeusedas
theprimarycuefor locatingdocumentboundaries.They can
beusedto refinetheplacementof a documentboundarylo-
catedneara speakerchange.

Besidesspeakerturns,changesin thebackgroundacoustic
conditionscanbedetectedby theaudiopartitionerandcan
beconsideredasindicatorsof storyboundaries.We did not
investigatethis becausethebackgroundconditionswerenot
manuallymarkedin the1997EnglishHub-4corpus.

Weinvestigatedusingsimplestatisticsonthedurationsof
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Figure 2: Distribution of documentdurationsin theHub4’97and
SDR’00datasets.

the documentsin the SDR’98dataset. A histogramof the
2096sectionsis shown in Figure2. Onethird of thesections
areshorterthan30seconds.Thehistogramhasa sharppeak
around20seconds,andasmaller, flatpeakaround2 minutes,
resultingin a bimodaldistributionof documentlength.Very
shortdocumentsaretypical of headlineswhich areuttered
by singlespeaker, whereaslongerdocumentsaremorelikely
to containdatafrom multiple talkers. This distribution led
usto considerusinga multi-scalesegmentationof theaudio
streaminto documents.Similar statisticsweremeasuredon
theSDR’99datausingtheknowndocumentboundaries.The
distribution,shown in lowerpartof Figure2 is quitesimilar
to thatof theSDR’98data,with anadditional,smallpeakat
60seconds.

7. UNKNOWN STORY BOUNDARY
CONDITION

As proposedin [9], we first segmentedthe audiostream
into overlappingdocumentsof a fixedduration.As a result
of optimizationusingtheTREC-8SDRqueries,wechosea
30secondwindow durationwith a 15secondoverlap.Since
therearemany storiessignificantlyshorterthan30sin broad-

castshows (seeFigure2) weconjuncturedthat it maybeof
interestto usea doublewindowing systemin orderto better
targetshortstories.Thewindow sizeof thesmallerwindow
wasselectedto be10 seconds.Sofor eachquery, we inde-
pendentlyretrievedtwo setsof 2700documents,onesetfor
eachwindow size. Thenfor eachdocumentset,document
recombinationis doneby merging overlappingdocuments
until no further mergesarepossible. The scoreof a com-
bineddocumentis setto maximumscoreof any oneof the
components.For eachdocumentderivedfrom the30swin-
dows, we producea time stamplocatedat the centerpoint
of the document. However, if any smallerdocumentsare
embeddedin this document,we takethe centerof the best
scoringdocument.This waywe try to takeavantageof both
window sizes.TheMAP usinga single30swindow andthe
doublewindosingstrategy areshown in Table4.

Mode 30s 30s+ 10s
baseline 0.3673 0.3791
PBRF 0.5001 0.5260

Table 4: Unkownstoryboundaryconditiondevelopmentresultson
SDR’99data.

8. TERSE QUERIES

A new componentof thisyear’s evaluationwastheuseof
tersequeriesfor indexation. Sinceterseforms of the 1999
querieswerenotavailable,wegeneratedasetfor usein sys-
tem development. Thesewere generatedbasedon the in-
structionsgivento theassessorsthatdevelopedtheSDR’00
short and tersequeries.= Different group membersused
thesegeneralinstructionsto independentlygenerateterse
versionsof theSDR’99queries.Thesewerethencompiled
anda singleform wasselected.TheresultingSDR’99terse
queriescontainon average3.3 wordsperqueryto becom-
paredto 13.7wordsfor theregular“short” queries.

We carried out retrieval experimentswith these terse
queriesusingthesystemparametervaluestunedfor theshort
queries.The retrieval resultsaregivenon Table5 for both
the known andunknown story boundaryconditionson the
SDR’99data.Wecanseethatthereis only abouta1%abso-
lute reductionof themeanaverageprecisionwhentheshort
queriesarereplacedby the tersequeries.Given this small
degradationwe did not try to modify our systemto better
optimizeperformanceon thetersequeries.

9. RESULTS

Retrieval resultsfor the SDR’00 evaluation systemare
given in Tables 6 and 7 for both SDR’99 and SDR’00
queries.It is clearfromtheseresultsthatthesystembehavoir
is quite differenton the two querysets. First the SDR’00>

Althoughno specificwritten guidelineswereavailable,JohnGarofolo
kindly describedtheinstructionsgivento theassessors.



Mode shortqueries tersequeries
R1K 0.5975 0.5852
S1K 0.5956 0.5795
S1U 0.5260 0.5147

Table 5: Retrieval resultswith short and tersequerieson the
SDR’99data.R1: referencetranscript.S1:automaticspeechtran-
scription. K: known storyboundarycondition. U: unknown story
boundarycondition.

queriesappearto besignificantlymoredifficult, with a 25%
relativereductionin themeanaverageprecisioncomparedto
theSDR’99queries.Second,we getsignificantlybetterre-
sultswith thetersequeriesthanwith theshortqueries,while
we observeda slight losson our SDR’99tersequeries.The
averagelengthof theSDR’00 tersequeries(3.0) is not sig-
nificantly differentfrom the averagelengthof our SDR’00
tersequeries(3.3),but thereis asubstantialdifferencein the
numberof new wordscomparedto the shortqueries. The
SDR’00tersequeriesintroduce54new wordswith 85words
in commonthe the SDR’00 shortqueries,whereaswe had
only 17 new words in our SDR’99 tersequerieswith 181
words in common. Thesenumbersshow that our SDR’99
tersequerieswereessentiallyshorterversionsof the corre-
spondingshortquery, whereastheSDR’00tersequeriesap-
pearto bea reformulationof theSDR’00shortqueries.

Mode Queries’99 Queries’00
short terse short terse

R1K 0.5975 0.5852 0.4636 0.5132
S1K 0.5956 0.5795 0.4327 0.4812

Table 6: Retrieval resultsonSDR’99andSDR’00datawith known
story boundaries.R1: referencetranscript. S1: automaticspeech
transcription.K: known storyboundarycondition.

Mode Queries’99 Queries’00
short terse short terse

R1U 0.5233 - 0.4027 0.4283
B1U 0.5034 - 0.3712 0.3922
S1U 0.5260 0.5147 0.3706 0.3982

Table 7: Retrieval resultson SDR’99andSDR’00 datawith un-
known story boundaries.R1: referencetranscript. B1: baseline
automaticspeechtranscription.S1:automaticspeechtranscription.
U: unknownstoryboundarycondition.

10. CONCLUSION
In this paperwe have describedtheLIMSI TREC-9spo-

kendocumentretrieval system.This systemis basedon the
1999LIMSI system,with a few substantialmodifications.
First,thedecoderof thespeechrecognizerhasbeenreplaced
by anew, fasterdecoderableto transcribesbroadcastdatain
several(6 to 10)timesreal-timewith only aslightincreasein

worderrorratewhencomparedto our bestsystemandwith
a word error of about30% for essentiallyreal-timedecod-
ing. Second,thequeryexpansionprocedureof theinforma-
tion retrieval componenthasbeenrevisedandmakesuseof
contemporaneoustext sources.Thirdly, a doublewindow-
ing approachhasbeendevelopedto localizestoriesfor the
unknownboundarycondition.

The experimentalresultsshow that only a moderateIR
performancedegradationis obtainedin spokendocumentre-
trieval with a closeto real-timesystem,andthat generally
speaking,thetranscriptionqualityof oursystemis notalim-
iting factorgiventodaysIR techniques.
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