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ABSTRACT

This paperdescribeshe THISL spolen documentretrieval system
for British and North AmericanBroadcastNews. The systemis

basednthe ABBOT largevocahulary speechiecognizeandaprob-
abilistic text retrieval system.We discusshe developmentof a re-
altime British EnglishBroadcastNews system,andits integration
into aspolendocumentetrieval system Detailedevaluationis per

formedusinga similar North AmericanBroadcastNews systemto

take advantageof the TREC SDR evaluationmethodology We re-

portresultsonthis evaluation,with particularreferenceo theeffect
of queryexpansiorandof automaticsegmentatioralgorithms.

1. INTRODUCTION

THISL is an ESPRITLong Term Researctprojectin the areaof
speectretrieval. It is concernedwith the constructionof a system
which performsgoodrecognitionof broadcasspeechrom televi-
sionandradionews programmesfrom which it canproducemulti-
mediaindexing data. Theprincipalobjective of theprojectis to con-
structaspolendocumentetrieval systemsuitablefor aBBC news-
roomapplication.Additionally, we have constructedystemsased
on North Americanbroadcashews, anda Frenchlanguageversion
is beingdeveloped.In this papemwe shalldescribehedevelopment
of boththeBritish andAmericanEnglishsystemsAlthoughBritish
Englishis the maintargetfor our demonstratqmworking in Ameri-
canEnglishenableaisto evaluatethe systemperformancehrough
the TREC spolendocumentetrieval track.

The THISL systemusesthe ABBOT large vocalulary contin-
uousspeectrecognition(LVCSR) system[1] andwell-understood
probabilistictext retrieval techniquesSection2 discusseshe over-
all approachyvith the collectionof theapplicationspecificacoustic
andtextual datadiscussedh section3. Sectiord outlinesthespeech
recognitionsystemdetailingchangegor thetaskof British English
broadcashews. Section5 describeghetext retrieval methodsthat
we used,with particularattentionto the use of query expansion
andthe developmentof automaticalgorithmsto segmentstreams
of broadcastwudiointo “documents”suitablefor text retrieval. The
overall implementationof the THISL systemis describedn sec-
tion 7 andevaluatedin section8.

2. APPROACH

Therearetwo principalapproacheso thetaskof spolendocument
retrieval, the phone-base@pproachandthe word-basedapproach.
In the THISL projectwe have adoptedaword-base@pproachsim-
ilar to thatemployed by several othergroups(eg [2, 3]). This ap-
proachrequiresmore computationthan phone-base@pproaches,
sinceafull largevocalulary decodingheedgo beappliedto theen-
tire archive. However, it enablesheconstraint®f thepronunciation
dictionaryandlanguagemodelto be applied:text retrieval is more
robust when appliedto words ratherthan phonen-grams. Aside
from computationatonsiderationghe mostfrequentlyciteddraw-
back of this approachis the problemof out-of-vocatulary words.
We do notbelieve thatthisis a significantproblem,andis certainly
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outweighedy the advantage®f theword-basedpproachindeed,
of thead-hoctopicsusedin thepastfive TRECevaluation TRECs
3-7),9 out of 900 querywordswere out of vocahulary relative to
the65,000word vocahulary usedin theexperimentgeportedn this
paper This 1% out-of-vocalulary ratecorrespondsvith whatis typ-
ically obsened whenrecognizingoroadcashews data.

3. BRITISH ENGLISH DATA COLLECTION

To cover areasonablyvide rangeof conditions,speakrsandtop-
ics, acousticandtextual datafor training the British English ver-
sionwasgatheredrom avariety of BBC News andCurrentAffairs
programmesin total 45 hoursof recordedprogrammesveretran-
scribed the majority of which werefrom television andradionews
bulletins but with about15% from otherprogramme®f a political
or financial nature. Transcriptionswere carefully checled to en-
surethey accuratelyrepresentethe acousticsasis standardprac-
tice. However, we departedrom the normalpracticeof addingfine
granularitytiming information, say at the end of eachsentenceor
speakrturn, aswefoundthatthis wasparticularlylabourintensvie.
Thetiming of major changesn acousticconditionwere notedbut
otherwisewe only addedsynchronizatiormarksevery five minutes
andwe furtherdevelopedour speechalignmentsoftwareto take the
coarsdiming informationandprovide word andphonealignments.
Textual datawas acquiredfrom a wider rangeof sourcesal-
thoughstill centrecbn news. Accesgo theBBC Newstext database
provided materialfrom March 1997 onwards and this was again
supplementedith materialfrom relatedorogrammesln totalthese
sourceprovidedabout6.4 million words.

4. SPEECH RECOGNITION USING ABBOT

We have usedthe ABBOT LVCSR systemdevelopedat the Uni-
versitiesof Cambridgeand Shefield [1] andfurther developedby
SoftSound AsBOT differsfrom mostotherstate-of-the-art VCSR
systemsn thatit hasanacoustianodelbasedn connectionishet-
works[4]; herewe usedtwo recurrennetworkstrainedon forward-
in-time and backward-in-timedata(PLP front-end). In this appli-
cationwe usea 64K word pronunciatiordictionary togethemwith a
trigramlanguagemodel.

ABBOT hasseveralcharacteristicthatmale it suitablefor spo-
kendocumentretrieval applicationsncluding realtime(or closeto
realtime)performancedecodersvith low lateny anda simplear
chitecture.Herewe outline the developmentof ABBOT for British
English broadcashews; the North Americanbroadcashews sys-
temis describedn [5].

Acoustic Models: Acoustic modelswere trained on most of the
transcribeccorpora.In orderto reducethe manualeffort in check-
ing transcriptionswe filtered the training datausing a measureof
the confidencehatthe alignmentwasin factthetruetranscription.
The confidencemeasurehosenwvasthe averagelog probability of
thelabelledphoneclass.

Language Models: For the North AmericanBroadcastNews sys-
tem, languagemodel constructionwas straightforvard, involving
the estimationof n-gramlanguagemodelsfrom text dataprovided
for ARPA/NIST evaluations.Thereis currentlylessprocessediata
for the British English system. The trigram languagemodelsuse



System WER
baselinesystem 29.2%
3xreal-time 29.0%
with North AmericanLM | 30.7%
without cross-sentence | 29.4%

Tablel: Overallword errorratesby ASR variation

Shav  time date WER
BBC1 9pm 8May1998 | 33.0%
BBC1 6pm 1Feb1999 | 37.7%
BBC1 1pm 9Feb1999 | 37.1%
Radio4 6pm 10Febl1999 | 23.4%
Radio4 6pm 11Febl1999 | 20.6%
Radio4 6pm 16Feb1999 | 24.1%

Table2: Word errorratesby shav

someof theNorth Americantext data,togethemwith British English
newspaperand newvswire data (about4 million words from Sep—
Dec 1998)),transcriptionsandscriptsfrom BBC news andcurrent
affairs output (about6 million wordsfrom Mar 1997— Sep1998)
andtranscriptiondrom CNN output(about8 million wordsfrom
Sep-Ded998).

Search: The LVCSR searchspaceis huge. In the ABBOT system
we have adoptedstackdecodingsearchstratgiesembodiedn the
NowAy [6] andCHRONOS[7] decodersWe have furtherdeveloped
the CHRONOS decodeffor this searchtaskto achieve:

Real-timerecognition Using a 450MHz Pentium-Il running
UNIX we averagereal-timedecodingwith a typical mem-
ory usageof under256Mh This is importantfor this task
aswe expectto have over 1000 hoursof audioin our final
system.

Whole show decoding The efficient memoryusageof CHRONOS
allows decodingof hourlong shavs andso enableghe use
of onlineacoustimormalisatiorasanalternatve to themore
commonpersggmentnormalisatiortechniques.

Cross sentence decoding In commonwith mostimplementations,
our languagemodel containsa specialsymbol,<s>, to in-
dicatea sentencdoundary Giving this symbolanacoustic
realisationof a shortperiodof silenceallows the decodeito
hypothesissentencéoundariesandsofit thedesiredfunc-
tionality of multiple sentencelecoding.

4.1.Speech Recognition Results

Ourprimaryobjectiveis fast,efficientinformationretrieval. Speech
recognitionperformancds weakly correlatedwith this goalandin
this sectionwe give the word error rate (WER) for variousconfig-
urationsof our system. In mary caseswe are preparedo accept
anincreasen WER in orderto maximisethe overall systemperfor
mance.

Table 1 shawvs the WER of the systemevaluatedon six half-
hourBBC news broadcastsThe baselinesystemwassetup to run
in real-time,it usedthe languagemodel describedabore with on-
line acousticnormalisationinsteadof segmentatiorandusedcross
sentencalecoding.The baselindVER is higherthanthatreported
for North American broadcastews system([5], in part because
we decodecompletebroadcast@nd scoreagainstsingle hypothe-
sis transcriptionswith no flexibility for reasonablesariants. The
threetimesreal-timesystemshawvs thatwe male only a few more
errorsin orderto run at the speedwe desire. We don't expectary
of theerrorratechangedo have a significanteffect on information
retrieval performance.

More interestingis the shav-by-shav breakdevn of the error
rateasgivenin Table2. Over the shavs we have evaluated,ra-
dio news is significantly easierto recognise.Figure 1 plotsthe er
ror ratethroughouta shav measuredisinga 15 secondrectangular
window. The dashedines markthe story boundariesandwe note
thatasnews topicsareintroducedby the nevsreademe often see
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Figurel: WER over time for Radio4 News of 10 Feb1999.

alow WER atthe startof a topic. Also we notethatthereis avery

large variationin WER within a topic. This hasimplicationsfor

unsgmentednformationretrieval andrelatedareassuchasaudio
summarisatiorwherewe would like to concentraten the sections
wherethe speechrecognitionsystemis performingwell.

5. TEXT RETRIEVAL

Theinformationretrieval componenbf THISL is basednthebag-
of-wordsprobabilisticmodel. Eachdocument— whichis produced
by a speechrecognizer— is preprocessedsinga stoplist andthe
Porter stemmingalgorithm, and may be representeas a bag of
processederms. We usethe Okapitermweightingfunction [8] to
matchatermwith adocumentThisis avariantof theusualt f - id f
weighting function, with parameterghat control the influenceof
documentengthandtermfrequeng.

Under the bag of words model, if a relevant documentdoes
not containthe termsthat are in the query then that document
will not be retrieved. Queryexpansionmay be usedto reducethis
query/documeninismatchby expandingthe queryusingwordsor
phraseswith a similar meaningor someother statisticalrelation
to the setof relevant documents. This proceduremay have even
greaterimportancein spolen documentretrieval, sincethe word
mismatchproblemis heightenedy the presenceof errorsin the
automatictranscriptionof spolen documents.To avoid the prob-
lem of recognitionerrorscorruptingthe query expansionprocess
(andto partially compensatéor out-of-vocalulary words)we usea
secondancorpusof documentdrom a similar domainthatdo not
containrecognitionerrors: contemporaneousenswire or nevspa-
pertext.

The secondarycollectionis ranked with respectto the query
Sincewe have a purely automaticsystenmrelevancejudgementsre
not available, so we usea pseudo-elevancefeedbak approacho
query expansion,the local contet analysisalgorithm of Xu and
Croft [9]. This algorithm essentiallyextracts thoseterms from
thetop n documentgsetrieved from the secondarycollectionwhich
mostfrequentlyco-occurwith the queryterms,usinganweighting
incorporatingheinversedocumenfrequeng.

We experimentedwith this query expansionalgorithmon the
TREC-7SDRcorpus.Figure2 shaws the effect on theinterpolated
recall-precisiorcune for thereferenceandspeechrecognitioncon-
ditions; whenevaluatedon a query-by-quenpasisthe averagepre-
cisionwasincreasedor 18 of the23 queries.

6. SEGMENTATION

The TREC SDR evaluationshave includedhandsegmentationof
news broadcastinto story units. Thisis not availablefor the BBC
corpuswhichwasrecordedff air, hencewe have investigatedsome
simplemethodsf automaticsggmentation.

We have evaluatedautomaticsggmentationalgorithmsusing
the TREC-7SDR corpussincerelevancejudgementsareavailable.
This is a sggmentedcorpus,so the sggmentationinformationwas
removedby akutting the storiesfrom ashav andremoving sggment
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Figure2: Effect of queryexpansionon recall-precisiorfor TREC-
7 SDR using referencetranscriptions(R1) and the output of the
ABBOT recognizel(S1).

boundaries. This had the side effect of remaving the “gaps” due
to unrecognizednaterialsuchas adwertsand sportsnews. To use
the TREC relevancejudgements automaticsegmentswere char
acterisedoy atime index (typically the segmentmid-point) which
couldmappedo theappropriaterRECdocumentD for evaluation.

Therehasbeena substantiahmountof work in automatically
segmentingdocumentdor text retrieval. Callan[10] andKaszkiel
and Zobel [11] have investigatedpassae retrieval in which doc-
umentsare broken down into passagesypically using document
markupor windows of a fixed numberof words. Algorithms that
automaticallysegmentdocumentsnto semanticallyseparatéopics
have alsobeeninvestigatedecently[12, 13]. Benefitsof passage
retrieval includetheretrieval of themostrelevantportionsof longer
documentsthe avoidanceof document-lengtmormalizationprob-
lemsandthe possibility of moreuserfriendly interfacesthatreturn
the mostrelevant portion of a document.lt hasalsobeenclaimed
thatpassageetrieval canimprove averageprecision sinceit returns
shortpassagewith the highestqueryword density The principal
problemswith passageetrieval arethesegmentatioralgorithm,and
alsothe possibility of a dramaticincreasan the numberof “docu-
ments”(ie passagesh thecollection.

The situationfor spolen datais somevhat differentto thatfor
text. Without somekind of prosodicanalysisary kind of “docu-
mentmarkup” mustbe at a much coarsetevel. Also, the average
topiclengthmaybemuchshorterin broadcashews, comparedvith
mary text documents.

We have investigatedwo straightforvard approacheso auto-
matic segmentationusing windows basedon time and numberof
words.In bothcasesve have usedrectangulawindows, of varying
lengthsand varying degreesof overlap. Initial experimentswere
carriedout usingthe TREC-7 SDR system,without query expan-
sion. In this case our standarchand-sgmentedsystemresultedin
an averageprecisionof 0.4062. Figure 3 shavs the averagepre-
cisionfor varying window lengthsandoverlaps,usingrectangular
windows basedn fixedtime intervals (left) andfixedword lengths
(right). The maximumaverageprecisionfor both systemss sim-
ilar, 0.3720and 0.3757respectiely. This occurswith a relatively
shortwindow length (30sand 80 wordsrespectiely) andwith an
overlap of around50%. The dependencef averageprecisionon
window lengthandoverlapappeargo be smootherfor time-based
windowing.

The abore experimentswere repeatedusing the local con-
text analysis query expansionalgorithm [9], with a secondary
corpus consisting of contemporaneousenspaper data (LA
Times/Washington Post). Both manual (based on document
markup)andautomatic(usingan 80 word window with 50% over-
lap) sggmentationsvereemplagyed on this secondarcorpus.Since
theaveragedocumentengthdecreasedsingthefixedwindow seg-
mentationthe numberof documentsisedfor the pseudo-releance
feedbaclkwasincreasedrom 8 to 50.

Theresultsof theseexperimentqtable3) indicatedthatthe av-

erageprecisionwasimprovedby over 10%for boththe manualand
automaticsggmentation®f the spolen documentswhenusingthe
documentmarkup segmentationof the secondarycorpus. When
the secondancorpuswasautomaticallysegmentedusingthe fixed
lengthwindow afurther10%improvementin averageprecisionwas
obsered, rising to 0.50for the manuallysegmentedspolen docu-
ments,and 0.45for the time-s@menteddocuments.We notethat
the averageprecisionfor time-s@mentedspolen documentsising
passageetrieval query expansionis similar to that obtainedusing
manually segementedspolen documentsand markup-sgmented
gueryexpansion.

A side-efect of the automaticsegmentationrschemds thatad-
jacentoverlappingsegmentsare likely to producesimilar scores.
Consequentlythe list of retrieved documentswill contain mary
segmentsfrom the samenewsitem. In anattemptto combinethese
story fragmentsary overlappingsegmentsoccurringin the list of
retrieved storiesare combinedinto one,larger story. Theretrieval
scoreW for the combinedstory is calculatedby applyingthe fol-
lowing formula:

3w
~ 1+(n-1)d

wherew; is the original scorefor story sggmenti, n is the number
of story sggmentsandt andd are the window lengthand overlap
respectiely.

7. BBC NEWSDEMONSTRATION SYSTEM

The currentTHISL systemfor BBC news usesthe speechrecog-
nition andinformationretrieval stratgiesdiscussedboe. Query
expansionis performedusinga secondarycollectionderived from
the British PressAssociationnenvswire and we use a time-based
rectangulawindow for automaticsggmentation.

The sizeof the databaseandthe factthatit would be updated
with new programmesachday requiredcareful consideratiorof
the amountof datathat could be processedand handledin prac-
tice. It wasdecidedo build themain Englishlanguagedatabaséy
taking the six main daily BBC News broadcaststhreeeachfrom
television and radio channels.This amountsto about2.5 hoursof
audioand,althoughby no meanghefull outputfrom a nevsroom,
shouldcover all the major breakingstories.The databaseurrently
consistsof over 600 hoursof BBC news output, mostly from the
periodfrom early1998to the presen{April 1999),with morecom-
pletecoverageover thelastsix months.

8. EVALUATION

The performanceof an information retrieval systemis very hard
to evaluate becausehe establishednetrics dependon relevance
assessment®r eachof the documentgetrieved in responsdo a
query This informationis labourintensie to collectandis avail-

ablefor the TREC domainbut not for the BBC news system.How-

ever, thereis astandardR measuravhich minimisesthenumberof

relevanceassessmentequired the Precisionat DocumentNumber
measure.Hencewe have followed a twofold evaluationstrateyy:

evaluationof the equivalent North Americanbroadcashews sys-
tem within TREC, and precision-orientedvaluation of the BBC

system.

Table 3 reportsresultsfrom the TREC-7 SDR evaluation ex-
perimentwith andwithout automaticsggmentation. Note that the
parameterdor the sggmentationwindow were developedon the
evaluationset. We note that automaticseggmentationonly results
in a10%relative reductionin averageprecisioncomparedvith the
hand-sgmentation Also, usingpassageetrieval (with an 80 word
window, with 50% overlap)on the secondangueryexpansioncol-
lection resultsin a smallimprovementin averageprecision,com-
paredwith usingthe documenboundariegjivenin thatcollection.
Thisis consistentvith theresultsreportedn [9].
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Figure3: Effecton averageprecisionof automaticsegmentatiorwindow length.

Query Average

Expansion| Segmentation|| Precision
No Manual 0.4062
No Time 0.3720
No Words 0.3757
Document Manual 0.4598
Document Time 0.4226
Document Words 0.4254
Passage Manual 0.5024
Passage Time 0.4577
Passage Words 0.4170

Table 3: Averageprecisionfor the TREC-7 SDR evaluationdata.
Conditionsincludedno query expansionand query expansionus-
ing a contemporaneousenswire corpuswith either passageor
documentsggmentation; and manual sggmentation(provided by
NIST/LDC) andautomaticsegmentatiorbasedn fixedrectangular
time (30s,60%overlap)or word (80words,50%overlap)windows.

The Precisionat DocumentNumberis definedasthe precision
obtainedafteragivennumberof documentdave beenretrieved:

No. relevantdocumentsetrieved
No. document&xamined

Precisionat DocumentNo. =

This reflectssystemperformanceasa usermight experienceit and
it alsoprovidesan opportunityto performsomequantitatve eval-
uationof the system.If the numberof documentsxaminedis re-
strictedto 10, say thenrelevanceassessmeriiecomesa manage-
abletask,requiringjust 10 judgmentsperquery

An experimentwasconductedy interrogatingthe BBC News
systemwith the 23 queriesfrom TREC-7[14]. 14 of thesehadto
be modifiedin someway to make them compatiblewith the BBC
News databaséo reflectdiffering news valuesandthedifferingtime
periodscovered. The Precisionat DocumentNumberresultsshav
thatapproximatelyhalf of the first five andfour out of thefirst ten
documentgeturnedwererelevant (seeTable4). The correspond-
ing figuresfor the TREC-7 S1 (speechrecognitiontranscriptsjand
R1 (manualtranscriptsyunsareincludedfor contrast. The manual
transcriptsgave slightly betterfiguresthanthe othertwo runsbut
the two experimentsare not directly comparabledue to differing
databasegjueriesandnumbersof relevantdocuments.

Precision
DocumentLevel | BBCNews TREC-7S1 TREC-7R1
At 5Docs 0.5048 0.5130 0.5304
At 10 Docs 0.4143 0.4043 0.4478

Table4: BBC News performanceat documentevel averages

9. CONCLUSION

We have built a completesystemfor the recognition,indexing and
retrieval of British BroadcastNews. What we have learnedfrom

the TREC SDR evaluationsappeargo carry over into the British

BroadcastNews domain. In addition we have further developed
our speectrecognitionto provide fastprocessingf whole, unse-

mentedshavs andinformationretrieval to performqueryexpansion
andto combineoverlappingwindows to retrieve appropriateaudio
segments.
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