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ABSTRACT

In this paperwe describethe LIMSI SpokenDocumentRe-
trieval systemusedin the TREC-9evaluation. This systemcom-
binesanadaptedrersionof the LIMSI 1999Hub-4Etranscription
systemfor speeclrecognitionwith text-basedR methods.Com-
paredwith the LIM SI TREC-8system,this years systemis able
to index the audiodatawithout knowledgeof the storyboundaries
usinga doublewindowing approach.The queryexpansionproce-
dureof the informationretrieval componentasbeenrevisedand
makesuseof contemporaneousxt sources.

Experimentatesultsarereportedin termsof meanaveragepre-
cision for boththe TREC SDR’99 and SDR’00 queriesusingthe
sameb57hdataset. Themeanaverageprecisionof this year’s sys-
temis 0.5250for SDR’99 and 0.3706for SDR’00 for the focus
unknown story boundaryconditionwith a20%word errorrate.

1. INTRODUCTION

This paperdescribeghe LIMSI broadcasnews index-
ating andretrieval systemdevelopedfor the TREC-9 Spo-
ken DocumentRetrieval track. Comparedwith the LIMSI
TREC-8 SDR system, both the speechtranscriptionsys-
temandthe informationretrieval componenhave beenim-
proved. Concerningthe speechrecognizer we have both
spedupthedecodelandslightly reducedheworderrorrate.
The queryexpansionprocedureof the informationretrieval
componenhasbeernrevisedandthe capabilityto index non-
sggmentedaudiostreamdor the unknowvn story boundaries
conditionhasbeenadded.

Duringour developementvork we investigatedheimpact
of varioussystenmparametersnthelR resultsincluding: the
transcriberspeedthe epochof the texts usedfor queryex-
pansion,the query expansionterm weighting strat@y, the
guerylength,andthe useof non-leical information.

Most of the reportedresultsherewereobtainedusingthe
TREC-8SDR’99conditions,.e.the TREC-8datacollection
consistingof 557 hoursof broadcashews from the period
of FebruarythroughJune1998. This dataincludes21750
storiesandhasanassociategetof 50 queries.

Theremaindenof this paperis asfollows: In thenext three
sectionswe provide anoverview of the broadcasnhews in-
dexationandinformationretrieval componentsfollowedby
aninvestigatiorof theimpactof decodingspeedandthecon-

sequencef the word errorrateon the informationretrieval

process.The subsequerttvo sectionsaddresgjueryexpan-
sion and the use of non-lexical information. We then de-
scribehow we addressethe unknown story boundarycon-
dition andthetersequeryconditionin thisyears evaluation.
Comparatie resultsare given on the developmentqueries
from SDR’99 andthis years query set, and someconclu-
sionsaremade.

2. TRANSCRIPTION SYSTEM OVERVIEW

The LIMSI broadcashews transcriptionsystem5] con-
sistsof anaudiopartitioner{10] andaspeechecognizefl11,
12]. The goal of audiopartitioningis to divide the acous-
tic signalinto homogeneousegments,labeling and struc-
turing the acousticcontentof the data. Partitioning consists
of identifying andremoving non-speeclsggments andthen
clusteringthe speectsggmentsandassigningbandwidthand
gendetabelsto eachsggment. Theresultof the partitioning
processs a setof speechsggmentswith cluster genderand
telephone/widebanthbels, which canbe usedto generate
metadatannotationsThe partitioningapproactusedin the
LIMSI BN transcriptionsystemrelies on an audio stream
mixture model[10]. Eachcomponentudiosource repre-
sentinga speakerin a particularbackgroundand channel
condition,is modeledby a GMM. The segmentboundaries
and labels are jointly identified by an iterative maximum
likelihood segmentation/clusteringrocedureusing GMMs
andagglomeratie clustering.

For eachspeectsggment thewordrecognizedetermines
the sequencef wordsin the sggment,associatingstartand
end times and an optional confidencemeasurewith each
word. The speakeindependentarge vocalulary, contin-
uousspeectrecognizemakesuse of n-gram statisticsfor
languagemodelingand of continuousdensityHMMs with
Gaussiammixturesfor acoustianodeling.Word recognition
is usuallyperformedn threesteps:1) initial hypothesigen-
eration,2) word graphgeneration3) final hypothesisgen-
eration. The hypothesesire usedin clusterbasedacoustic
model adaptationusingthe MLLR technique[16] prior to
word graphgenerationandall subsequerdecodingpasses.
The final hypothesiss generatedising a 4-gramlanguage



model.

For all theexperimentatesultsgivenin this paperthefol-
lowing training conditionswereused. The acousticnodels
weretrainedonaboutl50hoursof AmericanEnglishbroad-
castnews data. The phonemodelsare position-dependent
triphoneswith about11500tied-stategor thelargestmodel
set. The state-tyingis obtainedvia a divisive, decisiontree
basedclusteringalgorithm. Widebandand telephoneband
setsof genderdependenacousticmodelswere built using
MAP adaptatiorof SI seedmodels. Fixed languagemod-
els were obtainedby interpolationof n-gram backof lan-
guagemodelstrainedon 3 differentdatasets:203M words
of BN transcripts;343 M words of NAB newspapertexts
andAP Wordstreamexts; 1.6 M wordscorrespondindo the
transcriptionsof the acoustictraining data. The interpola-
tion coeficients of theseLMs were chosenso asto mini-
mizetheperplity ontheHub4Nov98evaluationdata.The
4-gramLM contains7M bigrams,14M trigramsand 11M
fourgrams.

The recognitionword list contains65122 words. The
word pronunciationgrebasecn a 48 phoneset(3 of them
areusedfor silence filler words,andbreathnoises).A pro-
nunciationgraphis associatedvith eachword so asto al-
low for alternatepronunciationsincludingoptionalphones.
Frequeninflectedformshave beenverifiedto provide more
systematigoronunciations.As donein the past,compound
wordsfor about300frequentword sequencesubjectto re-
ducedpronunciationsvereincludedin thelexiconaswell as
therepresentatioof the mostfrequentacrorymsaswords.

3. INFORMATION RETRIEVAL

Theautomaticallygenerateghartitionandword transcrip-
tion canbeusedfor indexationandinformationretrieval pur-
poses. Techniguesommonlyappliedto automatictext in-
dexationwereappliedto the automatictranscriptionsof the
broadcasnhews radio and TV documents. Theseclassical
techniquesre basedon documenterm frequencieswhere
the termsare obtainedafter standardext processingsuch
astext normalizationfokenization stopping,stemmingand
named-entitydentification.

In orderto be ableto apply the samelR systemto dif-
ferenttext datatypes(automatictranscriptionsclosedcap-
tions,additionaltexts from newspaper®r nevswires),all of
the documentsre preprocesseth a homogeneoumanner
This preprocessingor tokenization,is the sameasthe text
sourcepreparationfor training the speechrecognizeran-
guagemodels[7], andattemptsto transformthe texts to be
closerto the obserned Americanspeakingstyle. The basic
operationsncludetranslatinghumbersandsumsinto words,
remorving all the punctuationsymbols,remaoving casedis-
tinctionsanddetectingacroryms andspellednames.How-
ever removing all punctuationsmpliesthat certainhyphen-
atedwordssuchasanti-communistnon-piofit arerewritten

asanti communistandnon profit. While this offers advan-
tagesfor speechrecognition,it canleadto IR errors. To
avoid IR problemsdueto this type of transformation the
outputof thetokenizer(andrecognizer)s checkedor com-
mon prefixes, in orderto rewrite a sequencef wordssuch
asanti communistas a singleword. The prefixesthatare
handledncludeanti, co, bi, counter A rewrite lexicon con-
taining compoundwordsformedwith theseprefixesanda
limited numberof namedentities(suchas Los-Angelesis
usedto transformthe texts. Similarly all numberdessthan
one hundredare treatedas a single entity (suchastwenty-
seven.

In orderto reducethe numberof lexical itemsfor a given
word senseeachword is translatednto its stem(asdefined
in [2, 21]) or, moregenerallyinto aform thatis choserasbe-
ing representatie of its semantidamily. The stemmindex-
icon (derivedfrom the UMass'porterized’lexicon) [2] con-
tainsabout32000entriesandwasconstructedisingPorters
algorithmon the mostfrequentwordsin the collection,and
thenmanuallycorrected.

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

For the TF«xIDF approachthe scoreof document for a
queryis givenby the Okapi-BM25formula[22 23). It is the
sumover all thetermst in thequeryof:

(K +1) #tf, LN
C = 2 -
S R —btbxla) t 1, oN, I

wheretf, , is the numberof occurrencesf term¢ in docu-
mentd (i.e. termfrequenyg in document),V; is the number
of documentgontainingtermt¢ atleastonce, N is the total
numberof documentsn the collection, L, is the lengthof
document! dividedby the averagelengthof thedocuments
in the collection,andgtf, the numberof occurrencesf term
t in thequery

For the secondapproachthe scoreof a storyis obtained
by summingthequerytermweightsmw; 4 which aretheun-
igram log probabilitiesof the termsgiven the story model
onceinterpolatedvith a generaEnglishmodel:

mw; ¢ = gtf, * log(a Pr(t|d) + (1 — ) Pr(2)).

The text of the querymay or may not includethe index
termsassociateavith relevantdocumentsOneway to cope
with this problemis to usequeryexpansionbasedon terms
presentn retrieveddocument®nthesamgBlind Relevance
FeedbackBRF) or other (Parallel Blind RelevanceFeed-
back, PBRF) datacollections[24]. For SDR’99 we com-
binedthe two approchesn our system.For PBRFwe used
6 monthsof commerciallyavailable broadcasnhews tran-
scriptsfrom the periodjun-dec1997[1]. This corpuscon-
tains50000storiesand49.5M words.For agivenquery the



termsfoundin thetop B document$rom thebaselinesearch
arerankedby their offer weight[23], andthetop 7" termsare
addedto the query Sinceonly theT" termswith bestoffer

weightsare kept, the termsarefiltered using a stop list of

144 commonwords,in orderto increasehe likelihood that
theresultingtermsarerelevant.

Tablel givestheresultsfor bothcwandmwtermweight-
ingsfor the SDR’99 dataset. Four experimentalconfigura-
tions arereported:baselinesearch(basg, queryexpansion
using BRF (brf), queryexpansionwith paralle|BRF (pbrf)
andqueryexpansionusingboth BRF andPBRF(brf+pbrf).
For BRF and PBREF the termsareaddedto the querywith
aweightof 1. For BRF+PBRFEthe termsfrom eachsource
areaddedwith aweightof 0.5. The resultsclearlydemon-
stratethe interestof usingboth BRF and PBRF expansion
techniquesasconsistenimprovementsareobtainedverthe
baselinesystemfor the two conditions(R1andS1). BRFis
foundto bemoreeffective for boththe S1condition(therec-
ognizertranscriptsjandthe 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  tfxidf  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 and Markovian term weightings(6=0.86, K'=1.1,
B=15, T=10, «=0.5). R1: referencetranscript. S1: automatic
speechranscription K: known storyboundarycondition.

Thetwo IR approachesire seento yield comparablee-
sults[13]. Only small differencedn information retrieval
performanceas given by the meanaverageprecisionwere
obseredfor automaticand manualtranscriptionsvhenthe
storyboundariesareknown.

4. DECODING SPEED

Processingime is animportantfactorin makingaspeech
transcriptiorsystenviablefor automatidndexationof radio
andtelevisionbroadcastswhenonly concernedby theword
error rate, it is commonto designsystemghat run in 100
timesreal-timeor more.Althoughit is usuallyassumedhat
processingime is not a major issuesincecomputerpower
hasbeenincreasingcontinuouslyit is alsoknown thatthe
amountof dataappearingninformationchannelss increas-
ing very rapidly. Thereforeprocessindime is animportant
factorin makinga speechranscriptiorsystemviablefor au-
dio datamining andotherrelatedapplications.Constraints
onthe computationatesource$ed usto reconsidesomeof
the systemdesignissues particularly thoseconcerningthe
acousticmodelsandthe decodingstratgy. We investigated
the designof a systemwhich performswell with computa-

tionalresourcesn therangel to 10xRT oncommonlyavail-
ableplatforms.A new decodewasimplementedvith which
broadcastiatacanbetranscribedn few timesreal-timewith
only a slight increasen word error ratewhencomparedo
our bestsystem.

A 4-gramsingle passdynamicnetworkdecodetasbeen
developed.lt is atime-synchronou¥iterbi decodemith dy-
namicexpansiorof LM stateconditionedexical treeq3, 18,
20] with acousticandlanguagemodellookaheadsThe de-
codercanhandleposition-dependentross-wordriphones
andlexiconswith contextual pronunciations.lt makesuse
of various pruning techniquesto reducethe searchspace
and computationtime, including threeHMM-state pruning
beamsandfastGaussiafikelihoodcomputationslt canalso
generatevord graphsandrescorgehemwith differentacous-
tic andlanguagemodels.Fasterthanreal-timedecodingcan
beobtainedusingthis decodemwith aword errorunder30%,
runningin lessthan100Mb of memoryonwidely available
platformssuchPentiumill or Alphamachines.

The decoderby itself doesnot solve by itself the prob-
lem of reducingtherecognitiontime aspropermodelshave
to be usedin orderto optimizethe recognizerccurag ata
givendecodingspeed.In general bettermodelshave more
parametersandthereforerequiremore computation.How-
ever, sincethemodelsaremoreaccurateit is oftenpossible
to usea tighter pruning level (thusreducingthe computa-
tional load) without ary lossin accurag. Thus, limitations
on the available computationakesourcesaffect the design
of the acousticand languagemodels. For eachoperating
point,theright balancebetweermodelcompleity andprun-
ing level mustbefound.

In orderto assesshe effect of therecognitiontime onthe
informationretrieval resultswe transcribedhe 557 hoursof
broadcasnhews data(the TREC SDR’99 dataset— epoch
Feb98to Jun98)usingtwo decoderconfigurationsa single
passl.AxRT systemanda three pass10xRT system. The
SDR’99 test dataconsistsof 21750storiesand an associ-
atedsetof 50 querieswith on averagel4 words. Although
story boundariesare available, this informationis not used
by the speechrecognizer The informationretrieval results
are givenin term of meanaverageprecison(MAP), asis
donefor the TREC benchmarksWord error ratesaremea-
suredon a 10h testsubsef6]. For comparisonyesultsare
alsogivenfor manuallyproducedclosedcaptions.In order
for the samelR systemto be appliedto differenttext data
types(automatictranscriptionsclosedcaptions,additional
texts from newspapersor newvswires),all of the documents
are preprocesseth a homogeneousnanner This prepro-
cessingor tokenizationjs the sameasthetext sourceprepa-
rationfor trainingthe speechrecognizetanguagemodels.

Table 2 givesthe word error ratesand IR resultsfor the

threesetsof transcriptionswith and without query expan-
sion. Queryexpansionusesblind relevancefeedback BRF)



Base BRF
0.4691 0.5430
0.4528 0.5385
0.4090 0.4938

Transcriptions  \Werr
Closed-captions -
10xRT 20.5%
1.4xRT 32.6%

Table 2: Impactof theword errorrateon the meanaveragepreci-
sionusingthe SDR’99conditionsusinga 1-gramdocumenimodel.

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

Table 3: Comparisorof queryexpansionscheme®nthe SDR'99
datawith known story boundaries.

on both the audio documentcollection and somecommer

cially availablebroadcashews transcriptgredatingthe au-
dio corpus(Jun-Decl997vs Feb-Junl998).With queryex-

pansioncomparabldR resultsareobtainedusingtheclosed
captionsandthe 10xRT transcriptionsanda smalldegrada-
tion (4% absolute)is obsered usingthe 1.4xRT transcrip-
tions.

5. QUERY EXPANSION

In our SDR’99 systemquery expansionwas done by
addingterms presentin retrieved documentson the same
datacollectionandin anindependensetof texts. For PBRF
we madeuseof 6 monthsof commerciallyavailablebroad-
castnawstranscriptdor coveringtheperiodof Junethrough
Decembed997[1] (50000storiesand49.5M words).How-
ever, the SDR’00specificationgaswell asthe SDR'99spec-
ifications) allow usto usetexts (exceptfor BN transcripts)
covering exactly the sameepochof the audiodata. There-
fore this yearwe implemeted®BRFusing3 sourcef con-
temporarynewspaperdata: the New York Times, the Los
AngelesTimesandthe WashingtonPost. The parallelcor
pusconatineda total of 42 M wordsand 78 K documents
betweenJan98andJun98. Experimentswith thesetexts on
theSDR’'99shav thatPBRFusingcontemporaryexts offers
asignificantperformanceaincomparedvith aPBRFusing
texts predatingthe audiodata. In fact we foundthatwe no
longerneededo combinebothBRF andPBRF, sincePRBF
with thenew texts gave comparabléenefits.

This yearwe alsochangedhe termweightingusedwith
guery expansion,using a weight proportionalto the offer
weightasdefinedin [23, 15]. This approachallowed usto
significantlyincrease¢he numberof expansionterms,going
from 10 termswith the previous approachto 25 termswith
the termweighting. The sumof the weightsfor the expan-
siontermsis setto the numberof addedterms,i.e., 25. Ta-
ble 3 shavsthecombinedmprovmentobtainedvith thenew
gueryexpansionschemeon the SDR’99 data. Theseresults
wereobtainedusingthe Okapitermweightingwith aparam-
etersetting(b=0.7,K=1.2) anda slighlty differentstemmer
from thatusedfor theresultsreporterearlierin this paper
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Figure 1. Histogramof thenumberof speaketurnspersectionin
the1997Hub-4dataset.

6. NON-LEXICAL INFORMATION

The broadcastens transcriptionsystemalso provides
non-lexical information along with the word transcription.
This information is available in the partition of the audio
track, which identifiesspeakerturns. We investigatecthe
useof automaticallydetectedspeakeichangedor locating
documenboundariesStatisticsveremadeon the 1997En-
glish Hub-4 training dataset, which consistsof about100
hoursof radio and television broadcashews with manual
transcriptionand speakeridentification. On this set, 2096
sectionsweremanuallymarkedasreportsectionsandused
as documentsfor the SDR’98 evaluation. Among them,
817sectiongabout40%)startwithoutamanuallyannotated
speakechange.This meanghatusingonly speakechange
informationfor detectingdocumenboundariesvouldresult
in 40% missedoundariesThisfigurewouldlikely increase
with the useof automaticallydetectedspeakerchanges At
the sametime, 11,1600f the total of 12,439speaketturns
occurin the middle of a document,which gives almosta
90%falsealarmrate. A more detailedanalysisshows that
about50% of the sectionsnvolve a singlespeakerbut that
the distribution of the numberof speaketurnsper section
falls off very graduallyfrom 2 to 20 speakergcf. Figurel).
Falsealarmsarenotasharmfulasmisseddetectionssinceit
is possibleto meige adjacenturnsinto asingledocumentn
subsequenprocessingHowever theseresultsshow clearly
thateven perfectspeaketurn boundariecannotbe usedas
theprimarycuefor locatingdocumenboundariesThey can
be usedto refinethe placemenbf a documenboundarylo-
catedneara speakechange.

Besidespeaketurns,change# thebackgroundacoustic
conditionscanbe detectedy the audio partitionerandcan
be consideredsindicatorsof storyboundariesWe did not
investigatehis becausehe backgroundcconditionswerenot
manuallymarkedin the 1997EnglishHub-4 corpus.

We investigatedisingsimplestatisticson thedurationsof
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Figure 2: Distribution of documentdurationsin the Hub4'97 and
SDR’00datasets.

the documentsn the SDR’98 dataset. A histogramof the

2096sectiongs shavn in Figure2. Onethird of thesections
areshorterthan30 secondsThe histogramhasa sharppeak
around20secondsandasmaller flat peakaround2 minutes,
resultingin a bimodaldistribution of documentength.Very

shortdocumentsare typical of headlineswvhich are uttered
by singlespeakemnwhereadongerdocumentaremorelikely

to containdatafrom multiple talkers. This distribution led

usto considerusinga multi-scalesegmentatiorof the audio
streaminto documents Similar statisticsweremeasureen

theSDR’99datausingtheknown documenboundariesThe
distribution,shavn in lower partof Figure2 is quite similar
to thatof the SDR’98data,with anadditional,smallpeakat

60 seconds.

7. UNKNOWN STORY BOUNDARY
CONDITION

As proposedn [9], we first sggmentedthe audio stream
into overlappingdocument®f a fixed duration. As a result
of optimizationusingthe TREC-8SDR querieswe chosea
30 secondvindow durationwith a 15 secondverlap. Since
therearemary storiessignificantlyshorterthan30sin broad-

castshaws (seeFigure2) we conjuncturedhatit maybe of
interestto usea doublewindowing systemin orderto better
targetshortstories. Thewindow sizeof the smallerwindow
wasselectedo be 10 seconds.Sofor eachquery we inde-
pendentlyretrievedtwo setsof 2700documentspne setfor
eachwindow size. Thenfor eachdocumentset,document
recombinationis done by meging overlappingdocuments
until no further meigesare possible. The scoreof a com-
bineddocumenis setto maximumscoreof ary oneof the
componentsFor eachdocumenterived from the 30swin-
dows, we producea time stamplocatedat the centerpoint
of the document. However, if ary smallerdocumentsare
embeddedn this documentwe takethe centerof the best
scoringdocument.This waywe try to takeavantageof both
window sizes.The MAP usinga single30swindow andthe
doublewindosingstratgy areshovn in Table4.

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

Table4: Unkown storyboundaryconditiondevelopmentesultson
SDR’99data.

8. TERSE QUERIES

A nav componenbf thisyears evaluationwasthe useof
tersequeriesfor indexation. Sinceterseforms of the 1999
gueriesnverenot available,we generatec setfor usein sys-
tem development. Thesewere generatecdasedon the in-
structionsgivento the assessorthat developedthe SDR'00
short and tersequeries. Different group membersused
thesegeneralinstructionsto independentlygenerateterse
versionsof the SDR’99 queries.Thesewerethencompiled
anda singleform wasselected TheresultingSDR’'99terse
gueriescontainon average3.3 wordsper queryto be com-
paredto 13.7wordsfor theregular“short” queries.

We carried out retrieval experimentswith theseterse
guerieusingthesystenparametevaluestunedfor theshort
queries. The retrieval resultsare given on Table5 for both
the known and unknawvn story boundaryconditionson the
SDR’99data.We canseethatthereis only abouta 1% abso-
lute reductionof the meanaverageprecisionwhenthe short
gueriesarereplacedby the tersequeries. Given this small
degradationwe did not try to modify our systemto better
optimizeperformancenthetersequeries.

9. RESULTS

Retrieval resultsfor the SDR’00 evaluation systemare
given in Tables6 and 7 for both SDR’99 and SDR’'00
querieslt is clearfrom theseresultghatthesystenbehaoir
is quite differenton the two querysets. First the SDR'00

! Although no specificwritten guidelineswere available,JohnGarofolo
kindly describedheinstructionggivento theassessors.



Mode shortqueries tersequeries

R1K 0.5975 0.5852
S1K 0.5956 0.5795
S1uU 0.5260 0.5147

Table 5: Retrieval resultswith short and terse querieson the
SDR’99data.R1: referencdranscript.S1:automaticspeechran-
scription. K: known story boundarycondition. U: unknown story
boundarycondition.

gueriesappeato besignificantlymoredifficult, with a 25%
relative reductionin themeanraverageprecisioncomparedo
the SDR’99 queries.Secondwe getsignificantlybetterre-
sultswith thetersequerieghanwith theshortquerieswhile
we obseredaslightlosson our SDR’99tersequeries.The
averagelengthof the SDR’00tersequeries(3.0) is not sig-
nificantly differentfrom the averagelengthof our SDR’00
tersequerieq3.3), but thereis a substantiatlifferencen the
numberof new wordscomparedo the shortqueries. The
SDR’00tersequeriesntroduceb4 nav wordswith 85words
in commonthe the SDR’00 shortqueries,whereasve had
only 17 new wordsin our SDR’99 tersequerieswith 181
wordsin common. Thesenumbersshowv that our SDR'99
tersequerieswere essentiallyshorterversionsof the corre-
spondingshortquery whereaghe SDR’00tersequeriesap-
pearto be areformulationof the SDR’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

Table6: Retrievalresultson SDR’99andSDR’00datawith known
story boundaries.R1: referencetranscript. S1: automaticspeech
transcription K: known story boundarycondition.

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’99 and SDR’00 datawith un-
known story boundaries. R1: referencetranscript. B1: baseline
automaticspeechranscription.S1: automaticspeechranscription.
U: unknown storyboundarycondition.

10. CONCLUSION

In this paperwe have describedhe LIMSI TREC-9spo-
kendocumentetrieval system.This systemis basedon the
1999 LIMSI system,with a few substantiaimodifications.
First,thedecodeof thespeechiecognizehasbeerreplaced
by anew, fasterdecodembleto transcribedroadcastiatain
several(6 to 10) timesreal-timewith only aslightincreasen

word errorratewhencomparedo our bestsystemandwith

a word error of about30% for essentiallyreal-timedecod-
ing. Secondthequeryexpansionprocedureof theinforma-
tion retrieval componentasbeenrevisedand makesuseof

contemporaneougxt sources. Thirdly, a doublewindow-

ing approachhasbeendevelopedto localizestoriesfor the
unknavn boundarycondition.

The experimentalresultsshowv that only a moderatelR
performancelegradations obtainedn spokerdocumente-
trieval with a closeto real-timesystem,andthat generally
speakingthetranscriptiorguality of our systemis notalim-
iting factorgiventodaysIR techniques.
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