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ABSTRACT

This paperdescribestheTHISL spokendocumentretrieval system
for British and North AmericanBroadcastNews. The systemis
basedontheABBOT largevocabularyspeechrecognizerandaprob-
abilistic text retrieval system.We discussthedevelopmentof a re-
altime British EnglishBroadcastNews system,andits integration
into aspokendocumentretrieval system.Detailedevaluationis per-
formedusinga similar NorthAmericanBroadcastNews system,to
take advantageof theTRECSDRevaluationmethodology. We re-
port resultsonthisevaluation,with particularreferenceto theeffect
of queryexpansionandof automaticsegmentationalgorithms.

1. INTRODUCTION

THISL is an ESPRITLong Term Researchproject in the areaof
speechretrieval. It is concernedwith theconstructionof a system
which performsgoodrecognitionof broadcastspeechfrom televi-
sionandradionews programmes,from which it canproducemulti-
mediaindexing data.Theprincipalobjectiveof theprojectis to con-
structaspokendocumentretrieval system,suitablefor aBBCnews-
roomapplication.Additionally, wehave constructedsystemsbased
on NorthAmericanbroadcastnews,anda Frenchlanguageversion
is beingdeveloped.In thispaperweshalldescribethedevelopment
of boththeBritish andAmericanEnglishsystems.AlthoughBritish
Englishis themaintargetfor our demonstrator, working in Ameri-
canEnglishenablesusto evaluatethesystemperformancethrough
theTRECspokendocumentretrieval track.

The THISL systemusesthe ABBOT large vocabulary contin-
uousspeechrecognition(LVCSR)system[1] andwell-understood
probabilistictext retrieval techniques.Section2 discussestheover-
all approach,with thecollectionof theapplicationspecificacoustic
andtextualdatadiscussedin section3. Section4 outlinesthespeech
recognitionsystemdetailingchangesfor thetaskof British English
broadcastnews. Section5 describesthetext retrieval methodsthat
we used,with particularattentionto the useof query expansion
and the developmentof automaticalgorithmsto segmentstreams
of broadcastaudiointo “documents”suitablefor text retrieval. The
overall implementationof the THISL systemis describedin sec-
tion 7 andevaluatedin section8.

2. APPROACH

Therearetwo principalapproachesto thetaskof spokendocument
retrieval, thephone-basedapproachandtheword-basedapproach.
In theTHISL projectwehaveadoptedaword-basedapproach,sim-
ilar to that employed by several othergroups(eg [2, 3]). This ap-
proachrequiresmore computationthan phone-basedapproaches,
sinceafull largevocabularydecodingneedsto beappliedto theen-
tirearchive. However, it enablestheconstraintsof thepronunciation
dictionaryandlanguagemodelto beapplied:text retrieval is more
robust when appliedto words ratherthan phonen-grams. Aside
from computationalconsiderations,themostfrequentlyciteddraw-
backof this approachis the problemof out-of-vocabulary words.
Wedo notbelieve thatthis is a significantproblem,andis certainly
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outweighedby theadvantagesof theword-basedapproach.Indeed,
of thead-hoctopicsusedin thepastfiveTRECevaluations(TRECs
3–7),9 out of 900 querywordswereout of vocabulary relative to
the65,000wordvocabularyusedin theexperimentsreportedin this
paper. This1%out-of-vocabularyratecorrespondswith whatis typ-
ically observedwhenrecognizingbroadcastnews data.

3. BRITISH ENGLISH DATA COLLECTION

To cover a reasonablywide rangeof conditions,speakersandtop-
ics, acousticand textual datafor training the British Englishver-
sionwasgatheredfrom a varietyof BBC News andCurrentAffairs
programmes.In total 45 hoursof recordedprogrammesweretran-
scribed,themajority of whichwerefrom television andradionews
bulletinsbut with about15%from otherprogrammesof a political
or financial nature. Transcriptionswere carefully checked to en-
surethey accuratelyrepresentedtheacoustics,asis standardprac-
tice. However, we departedfrom thenormalpracticeof addingfine
granularitytiming information,sayat the endof eachsentenceor
speaker turn,aswefoundthatthiswasparticularlylabourintensive.
The timing of majorchangesin acousticconditionwerenotedbut
otherwisewe only addedsynchronizationmarksevery five minutes
andwefurtherdevelopedourspeechalignmentsoftwareto take the
coarsetiming informationandprovidewordandphonealignments.

Textual datawas acquiredfrom a wider rangeof sourcesal-
thoughstill centredonnews. Accessto theBBC Newstext database
provided material from March 1997 onwardsand this was again
supplementedwith materialfrom relatedprogrammes.In totalthese
sourcesprovidedabout6.4million words.

4. SPEECH RECOGNITION USING ABBOT

We have usedthe ABBOT LVCSR systemdevelopedat the Uni-
versitiesof CambridgeandSheffield [1] andfurther developedby
SoftSound.ABBOT differsfrom mostotherstate-of-the-artLVCSR
systemsin thatit hasanacousticmodelbasedonconnectionistnet-
works[4]; hereweusedtwo recurrentnetworkstrainedonforward-
in-time andbackward-in-timedata(PLP front-end). In this appli-
cationweusea64K wordpronunciationdictionary, togetherwith a
trigramlanguagemodel.

ABBOT hasseveralcharacteristicsthatmake it suitablefor spo-
kendocumentretrieval applicationsincludingrealtime(or closeto
realtime)performance,decoderswith low latency anda simplear-
chitecture.Herewe outline thedevelopmentof ABBOT for British
Englishbroadcastnews; the North Americanbroadcastnews sys-
temis describedin [5].

Acoustic Models: Acoustic modelswere trainedon most of the
transcribedcorpora.In orderto reducethemanualeffort in check-
ing transcriptionswe filtered the training datausinga measureof
theconfidencethatthealignmentwasin factthetruetranscription.
Theconfidencemeasurechosenwastheaveragelog probabilityof
thelabelledphoneclass.

Language Models: For theNorth AmericanBroadcastNews sys-
tem, languagemodel constructionwas straightforward, involving
theestimationof n-gramlanguagemodelsfrom text dataprovided
for ARPA/NIST evaluations.Thereis currentlylessprocesseddata
for the British Englishsystem. The trigram languagemodelsuse



System WER
baselinesystem 29.2%

3x real-time 29.0%
with NorthAmericanLM 30.7%

without cross-sentence 29.4%

Table1: Overall worderrorratesby ASRvariation

Show time date WER
BBC 1 9pm 8 May 1998 33.0%
BBC 1 6pm 1 Feb1999 37.7%
BBC 1 1pm 9 Feb1999 37.1%
Radio4 6pm 10Feb1999 23.4%
Radio4 6pm 11Feb1999 20.6%
Radio4 6pm 16Feb1999 24.1%

Table2: Worderrorratesby show

someof theNorthAmericantext data,togetherwith British English
newspaperand newswire data(about4 million words from Sep–
Dec1998)),transcriptionsandscriptsfrom BBC news andcurrent
affairs output(about6 million wordsfrom Mar 1997– Sep1998)
andtranscriptionsfrom CNN output (about8 million words from
Sep–Dec1998).

Search: TheLVCSRsearchspaceis huge. In the ABBOT system
we have adoptedstackdecodingsearchstrategiesembodiedin the
NOWAY [6] andCHRONOS [7] decoders.Wehavefurtherdeveloped
theCHRONOS decoderfor thissearchtaskto achieve:

Real-time recognition Using a 450MHz Pentium-II running
UNIX we averagereal-timedecodingwith a typical mem-
ory usageof under256Mb. This is importantfor this task
aswe expect to have over 1000hoursof audio in our final
system.

Whole show decoding Theefficient memoryusageof CHRONOS
allows decodingof hour-long shows andsoenablestheuse
of onlineacousticnormalisationasanalternativeto themore
commonper-segmentnormalisationtechniques.

Cross sentence decoding In commonwith mostimplementations,
our languagemodelcontainsa specialsymbol,<s>, to in-
dicatea sentenceboundary. Giving this symbolanacoustic
realisationof a shortperiodof silenceallows thedecoderto
hypothesisesentenceboundaries,andsofit thedesiredfunc-
tionality of multiple sentencedecoding.

4.1.Speech Recognition Results

Ourprimaryobjective is fast,efficientinformationretrieval. Speech
recognitionperformanceis weaklycorrelatedwith this goalandin
this sectionwe give theword error rate(WER) for variousconfig-
urationsof our system. In many caseswe arepreparedto accept
anincreasein WERin orderto maximisetheoverall systemperfor-
mance.

Table1 shows the WER of the systemevaluatedon six half-
hourBBC news broadcasts.Thebaselinesystemwassetup to run
in real-time,it usedthe languagemodeldescribedabove with on-
line acousticnormalisationinsteadof segmentationandusedcross
sentencedecoding.ThebaselineWER is higherthanthat reported
for North American broadcastnews system[5], in part because
we decodecompletebroadcastsandscoreagainstsinglehypothe-
sis transcriptionswith no flexibility for reasonablevariants. The
threetimesreal-timesystemshows thatwe make only a few more
errorsin orderto run at thespeedwe desire.We don’t expectany
of theerror ratechangesto have a significanteffect on information
retrieval performance.

More interestingis the show-by-show breakdown of the error
rate as given in Table 2. Over the shows we have evaluated,ra-
dio news is significantlyeasierto recognise.Figure1 plots theer-
ror ratethroughouta show measuredusinga 15 secondrectangular
window. Thedashedlinesmark thestory boundariesandwe note
thatasnews topicsareintroducedby the newsreaderwe oftensee
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Figure1: WERover time for Radio4 News of 10Feb1999.

a low WER at thestartof a topic. Also we notethatthereis a very
large variation in WER within a topic. This hasimplicationsfor
unsegmentedinformationretrieval andrelatedareassuchasaudio
summarisationwherewe would like to concentrateon thesections
wherethespeechrecognitionsystemis performingwell.

5. TEXT RETRIEVAL

Theinformationretrieval componentof THISL is basedonthebag-
of-wordsprobabilisticmodel.Eachdocument— whichis produced
by a speechrecognizer— is preprocessedusinga stoplist andthe
Porterstemmingalgorithm, and may be representedas a bag of
processedterms.We usetheOkapi termweightingfunction[8] to
matchatermwith adocument.This is avariantof theusualt f � id f
weighting function, with parametersthat control the influenceof
documentlengthandtermfrequency.

Under the bag of words model, if a relevant documentdoes
not contain the terms that are in the query, then that document
will not be retrieved. Queryexpansionmaybeusedto reducethis
query/documentmismatchby expandingthequeryusingwordsor
phraseswith a similar meaningor someother statisticalrelation
to the setof relevant documents.This proceduremay have even
greaterimportancein spoken documentretrieval, sincethe word
mismatchproblemis heightenedby the presenceof errorsin the
automatictranscriptionof spoken documents.To avoid the prob-
lem of recognitionerrorscorruptingthe query expansionprocess
(andto partiallycompensatefor out-of-vocabulary words)weusea
secondarycorpusof documentsfrom a similar domainthatdo not
containrecognitionerrors:contemporaneousnewswireor newspa-
pertext.

The secondarycollection is ranked with respectto the query.
Sincewe have a purelyautomaticsystemrelevancejudgementsare
not available,so we usea pseudo-relevancefeedback approachto
query expansion,the local context analysisalgorithm of Xu and
Croft [9]. This algorithm essentiallyextracts thoseterms from
thetop n documentsretrievedfrom thesecondarycollectionwhich
mostfrequentlyco-occurwith thequeryterms,usinganweighting
incorporatingtheinversedocumentfrequency.

We experimentedwith this queryexpansionalgorithmon the
TREC-7SDRcorpus.Figure2 shows theeffect on theinterpolated
recall-precisioncurve for thereferenceandspeechrecognitioncon-
ditions;whenevaluatedon a query-by-querybasistheaveragepre-
cisionwasincreasedfor 18 of the23queries.

6. SEGMENTATION

TheTREC SDR evaluationshave includedhandsegmentationsof
news broadcastsinto storyunits. This is not availablefor theBBC
corpuswhichwasrecordedoff air, hencewehaveinvestigatedsome
simplemethodsof automaticsegmentation.

We have evaluatedautomaticsegmentationalgorithmsusing
theTREC-7SDRcorpussincerelevancejudgementsareavailable.
This is a segmentedcorpus,so the segmentationinformationwas
removedby abutting thestoriesfrom ashow andremoving segment



0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1

Pr
ec

is
io

n

Recall

TREC-7 SDR Evaluation: THISL (effect of query expansion)

"R1"
"S1"

"R1-noqe"
"S1-noqe"

Figure2: Effect of queryexpansionon recall-precisionfor TREC-
7 SDR using referencetranscriptions(R1) and the output of the
ABBOT recognizer(S1).

boundaries.This had the sideeffect of removing the “gaps” due
to unrecognizedmaterialsuchasadvertsandsportsnews. To use
the TREC relevancejudgements,automaticsegmentswere char-
acterisedby a time index (typically thesegmentmid-point) which
couldmappedto theappropriateTRECdocumentID for evaluation.

Therehasbeena substantialamountof work in automatically
segmentingdocumentsfor text retrieval. Callan[10] andKaszkiel
andZobel [11] have investigatedpassage retrieval in which doc-
umentsare broken down into passagestypically using document
markupor windows of a fixed numberof words. Algorithms that
automaticallysegmentdocumentsinto semanticallyseparatetopics
have alsobeeninvestigatedrecently[12, 13]. Benefitsof passage
retrieval includetheretrieval of themostrelevantportionsof longer
documents,theavoidanceof document-lengthnormalizationprob-
lemsandthepossibilityof moreuser-friendly interfacesthatreturn
themostrelevant portionof a document.It hasalsobeenclaimed
thatpassageretrieval canimproveaverageprecision,sinceit returns
shortpassageswith the highestqueryword density. Theprincipal
problemswith passageretrieval arethesegmentationalgorithm,and
alsothepossibilityof a dramaticincreasein thenumberof “docu-
ments”(ie passages)in thecollection.

Thesituationfor spoken datais somewhatdifferentto that for
text. Without somekind of prosodicanalysisany kind of “docu-
mentmarkup”mustbe at a muchcoarserlevel. Also, theaverage
topiclengthmaybemuchshorterin broadcastnews,comparedwith
many text documents.

We have investigatedtwo straightforward approachesto auto-
matic segmentationusingwindows basedon time andnumberof
words.In bothcaseswehaveusedrectangularwindows,of varying
lengthsandvarying degreesof overlap. Initial experimentswere
carriedout usingthe TREC-7SDR system,without queryexpan-
sion. In this case,our standardhand-segmentedsystemresultedin
an averageprecisionof 0.4062. Figure3 shows the averagepre-
cision for varying window lengthsandoverlaps,usingrectangular
windows basedonfixedtime intervals(left) andfixedword lengths
(right). The maximumaverageprecisionfor both systemsis sim-
ilar, 0.3720and0.3757respectively. This occurswith a relatively
shortwindow length(30sand80 wordsrespectively) andwith an
overlapof around50%. The dependenceof averageprecisionon
window lengthandoverlapappearsto besmootherfor time-based
windowing.

The above experimentswere repeatedusing the local con-
text analysisquery expansionalgorithm [9], with a secondary
corpus consisting of contemporaneousnewspaper data (LA
Times/Washington Post). Both manual (based on document
markup)andautomatic(usingan80 word window with 50%over-
lap) segmentationswereemployedon this secondarycorpus.Since
theaveragedocumentlengthdecreasedusingthefixedwindow seg-
mentation,thenumberof documentsusedfor thepseudo-relevance
feedbackwasincreasedfrom 8 to 50.

Theresultsof theseexperiments(table3) indicatedthattheav-

erageprecisionwasimprovedby over10%for boththemanualand
automaticsegmentationsof thespokendocuments,whenusingthe
documentmarkupsegmentationof the secondarycorpus. When
thesecondarycorpuswasautomaticallysegmentedusingthefixed
lengthwindow afurther10%improvementin averageprecisionwas
observed, rising to 0.50for themanuallysegmentedspoken docu-
ments,and0.45 for the time-segmenteddocuments.We notethat
theaverageprecisionfor time-segmentedspoken documentsusing
passageretrieval queryexpansionis similar to that obtainedusing
manually segementedspoken documentsand markup-segmented
queryexpansion.

A side-effect of theautomaticsegmentationschemeis thatad-
jacentoverlappingsegmentsare likely to producesimilar scores.
Consequently, the list of retrieved documentswill containmany
segmentsfrom thesamenews item. In anattemptto combinethese
story fragments,any overlappingsegmentsoccurringin the list of
retrievedstoriesarecombinedinto one,largerstory. The retrieval
scoreW for the combinedstory is calculatedby applyingthe fol-
lowing formula:

W � ∑n
i wi

1 ��� n � 1	 dt
wherewi is theoriginal scorefor storysegmenti, n is thenumber
of story segmentsand t andd are the window lengthandoverlap
respectively.

7. BBC NEWS DEMONSTRATION SYSTEM

The currentTHISL systemfor BBC news usesthe speechrecog-
nition andinformationretrieval strategiesdiscussedabove. Query
expansionis performedusinga secondarycollectionderived from
the British PressAssociationnewswire and we usea time-based
rectangularwindow for automaticsegmentation.

Thesizeof thedatabase,andthe fact that it would beupdated
with new programmeseachday, requiredcarefulconsiderationof
the amountof datathat could be processedand handledin prac-
tice. It wasdecidedto build themainEnglishlanguagedatabaseby
taking the six main daily BBC News broadcasts:threeeachfrom
television andradiochannels.This amountsto about2.5 hoursof
audioand,althoughby no meansthefull outputfrom a newsroom,
shouldcover all themajorbreakingstories.Thedatabasecurrently
consistsof over 600 hoursof BBC news output,mostly from the
periodfrom early1998to thepresent(April 1999),with morecom-
pletecoverageover thelastsix months.

8. EVALUATION

The performanceof an information retrieval systemis very hard
to evaluatebecausethe establishedmetricsdependon relevance
assessmentsfor eachof the documentsretrieved in responseto a
query. This informationis labour-intensive to collect andis avail-
ablefor theTRECdomainbut not for theBBC news system.How-
ever, thereis astandardIR measurewhichminimisesthenumberof
relevanceassessmentsrequired,thePrecisionat DocumentNumber
measure.Hencewe have followed a twofold evaluationstrategy:
evaluationof the equivalent North Americanbroadcastnews sys-
tem within TREC, and precision-orientedevaluationof the BBC
system.

Table3 reportsresultsfrom the TREC-7SDR evaluationex-
perimentwith andwithout automaticsegmentation.Note that the
parametersfor the segmentationwindow were developedon the
evaluationset. We note that automaticsegmentationonly results
in a 10%relative reductionin averageprecisioncomparedwith the
hand-segmentation.Also, usingpassageretrieval (with an80 word
window, with 50%overlap)on thesecondaryqueryexpansioncol-
lection resultsin a small improvementin averageprecision,com-
paredwith usingthedocumentboundariesgivenin thatcollection.
This is consistentwith theresultsreportedin [9].
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Figure3: Effectonaverageprecisionof automaticsegmentationwindow 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

Table3: Averageprecisionfor the TREC-7SDR evaluationdata.
Conditionsincludedno queryexpansionandqueryexpansionus-
ing a contemporaneousnewswire corpuswith either passageor
documentsegmentation;and manualsegmentation(provided by
NIST/LDC) andautomaticsegmentationbasedonfixedrectangular
time(30s,60%overlap)or word(80words,50%overlap)windows.

ThePrecisionat DocumentNumberis definedastheprecision
obtainedafteragivennumberof documentshave beenretrieved:

PrecisionatDocumentNo. � No. relevantdocumentsretrieved
No. documentsexamined

This reflectssystemperformanceasa usermight experienceit and
it alsoprovidesan opportunityto performsomequantitative eval-
uationof thesystem.If thenumberof documentsexaminedis re-
strictedto 10, say, thenrelevanceassessmentbecomesa manage-
abletask,requiringjust 10 judgmentsperquery.

An experimentwasconductedby interrogatingtheBBC News
systemwith the 23 queriesfrom TREC-7[14]. 14 of thesehadto
be modifiedin someway to make themcompatiblewith theBBC
Newsdatabaseto reflectdifferingnewsvaluesandthedifferingtime
periodscovered.ThePrecisionat DocumentNumberresultsshow
thatapproximatelyhalf of thefirst five andfour out of thefirst ten
documentsreturnedwererelevant (seeTable4). The correspond-
ing figuresfor theTREC-7S1(speechrecognitiontranscripts)and
R1 (manualtranscripts)runsareincludedfor contrast.Themanual
transcriptsgave slightly betterfiguresthanthe other two runsbut
the two experimentsare not directly comparabledue to differing
databases,queriesandnumbersof relevantdocuments.

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

Table4: BBC News performanceatdocumentlevel averages

9. CONCLUSION

We have built a completesystemfor therecognition,indexing and
retrieval of British BroadcastNews. What we have learnedfrom
the TREC SDR evaluationsappearsto carry over into the British
BroadcastNews domain. In addition we have further developed
our speechrecognitionto provide fastprocessingof whole,unseg-
mentedshowsandinformationretrieval to performqueryexpansion
andto combineoverlappingwindows to retrieve appropriateaudio
segments.
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