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ABSTRACT

This paperdescribedhe THISL spolken documentre-
trieval systemfor British and North AmericanBroad-
castNews. The systemis basedon the ABBOT large
vocahularyspeechiecognizerusingarecurrennetwork
acoustianodel,anda probabilistictext retrieval system.
We discussthe developmentof a realtimeBritish En-
glish BroadcastNews system andits integrationinto a
spokendocumentetrieval system.Detailedevaluation
is performedusinga similar North AmericanBroadcast
News systemto take advantageof the TREC SDReval-
uationmethodology We reportresultson this evalua-
tion, with particularreferenceo the effect of queryex-
pansiorandof automaticsegmentatioralgorithms.

1. INTRODUCTION

THISL is an ESPRITLong Term Researchprojectin
the areaof speechretrieval. It is concernedwith the
constructiorof a systemwhich performsgoodrecogni-
tion of broadcasspeecHrom television andradionews
programmesfrom whichit canproducemultimediain-
dexing data. The principal objective of the projectis
to constructa spolen documentretrieval system,suit-
able for a BBC newsroomapplication. Additionally,
we have constructedystemsasedn North American
broadcashews,anda Frenchlanguageversionis being
developed. In this paperwe shall describethe devel-
opmentof both the British and AmericanEnglishsys-
tems.AlthoughBritish Englishis themaintargetfor our
demonstratgworking in AmericanEnglishenablesus
to evaluatethe systemperformancehroughthe TREC
spokendocumentetrieval track.

The THISL systemusesthe ABBOT large vocalu-
lary continuousspeechrecognition(LVCSR)systen1]

andwell-understoogbrobabilistictext retrieval techniques.

Section2 discusseshe overall approachwith the col-
lection of the applicationspecificacousticand textual
datadiscussedn section3. Section4 outlinesthe As-
BOT LVCSRsystemwith particularreferenceo thees-
timation of acoustic pronunciatiorandlanguagenod-
els for British English broadcasnhews. Section5 de-
scribeghetext retrieval methodgshatwe used with par
ticular attentionto the useof queryexpansionandthe
developmentf automatialgorithmsgo segmentstreams
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of broadcastudiointo “documents’suitablefor text re-
trieval. Theresultingsystemhasbeenevaluatedin the
framework of the TREC-7Spolen DocumentRetrieval
(SDR) track, discussedn section6. The overall im-
plementatiorof the THISL systemis describedn sec-
tion 7, includingissueertainingto the userinterface.

2. APPROACH

Therearetwo principal approacheso the taskof spo-
kendocumentetrieval. Thephone-basedpproacltpro-
cesseghe audiodatawith a lightweight speechrecog-
nizer to produceeithera phonetranscriptionor some
kind of phonelattice. This datamay then be directly
indexed or usedfor word spotting. The word-based
approachappliesa completelarge vocallary speech
recognitiorsystento theaudiotrackto produceaword-
level transcription;at this point the problem may be
treatedasstandardext retrieval (modulospeectrecog-
nizererrors).

Inthe THISL projectwe have adoptecaword-based
approachto spoken documentretrieval, similar to that
employed by several othergroups(eg [2, 3]). This ap-
proachrequiresmorecomputatiorthanphone-basedp-
proachessincea full large vocalulary decodingneeds
to be appliedto the entirearchive. However, it enables
the constraintf the pronunciatiordictionaryandlan-
guagemodelto be applied: text retrieval is more ro-
bustwhenappliedto wordsratherthanphonen-grams.
Asidefrom computationatonsiderationsghe mostfre-
guentlycited drawbackof this approachs the problem
of out-of-vocalularywords. We do not believe thatthis
is asignificantproblem,andis certainlyoutweighedoy
the advantage®of the word-basedpproach.Indeed,of
thead-hoctopicsusedn thepastfive TRECevaluations
(TRECs3-7),9 outof 900querywordswereout of vo-
cahulary relative to the 65,000word vocalulary usedin
the experimentgeportedn this paper This 1% out-of-
vocahulary rate correspondsvith whatis typically ob-
senedwhenrecognizingoroadcashews data.

3. DATA COLLECTION

To cover areasonablyide rangeof conditions,speak-
ersandtopics,acousticandtextual datafor trainingthe
British Englishversionwasgatheredrom a variety of
BBC News and Current Affairs programmes. In to-



tal about50 hoursof recordedprogrammesveretran-

scribed the majority of which werefrom televisionand

radionews bulletinsbut with aboutl5%from otherpro-

grammesof a political or financial nature. Transcrip-
tions were carefully checled to ensurethey accurately
representetheacousticsasis standargractice.How-

ever, we departedirom the normal practiceof adding
fine granularitytiming information, say at the end of

eachsentenceor spealer turn, as we found that this

was particularly labour intensive. The timing of ma-

jor changesn acousticconditionwerenotedbut other

wise we only addedsynchronizatiormarksevery five

minutesandwe furtherdevelopedour speeclalignment
softwareto take the coarseiming informationandpro-

vide word andphonealignments.

Textual datawas acquiredfrom a wider range of
sourcesalthoughstill centredon news. Accessto the
BBC Newstext databas@rovidedmaterialfrom March
1997 onwards and this was again supplementedvith
materiaffrom relatedprogrammesln totalthesesources
providedabout6.4 million words.

4. SPEECHRECOGNITION USING ABBOT

We have usedthe ABBOT LVCSR systemdevelopedat
theUniversitiesof CambridgeandShefield [1] andfur-
therdevelopedby SoftSound ABBOT differsfrom most
other state-of-the-art VCSR systemsn thatit hasan
acoustiomodelbasedon connectionishetworks[4]; in
ABBOT, wetypically usetwo recurrennetworkstrained
onforward-in-timeandbackward-in-timedata(PLPfront-
end).In this applicationwe usea 64K word pronuncia-
tion dictionary togethemwith atrigramlanguagemodel.

ABBOT hassereralcharacteristicthatmalke it suit-
ablefor spolendocumentetrieval applicationsnclud-
ing realtime(or closeto realtime)performancedecoders
with low lateng/ anda simplearchitecture.In particu-
lar, we have evaluatedsystemsn broadcashews tasks
using only context-independentonnectionis@acoustic
models.

We outlineherethedevelopmentf ABBOT for British
Englishbroadcashews; the North Americanbroadcast
news systemis describedn [5].

AcousticModels: Acousticmodelswveretrainedonmost
of thetranscribeatorpora.ln orderto reducehemanual
effort in checkingtranscriptionsve filteredthetraining
datausing a measureof the confidencethat the align-
mentwasin factthetruetranscription.The confidence
measurehosenvassimply the averagelog probability
of the labelledphoneclass,althoughthereis scopefor
useof othermeasure§g].

Pronunciation Dictionary: We useda pronunciation
dictionary similar to BEEP-. As an extension,we in-
cludedcommonacroryms and casedependenéntries.
This facilitatedthe processof checkingthe dictionary
for accuratgronunciationgndallows usto conductiR
experimentcomparinghetwo schemes.

LanguageModels: For the North AmericanBroadcast
Newssystem|anguagenodelconstructiorwasstraight-
forward, involving the estimationof n-gramlanguage
modelsfrom text dataprovided for ARPA/NIST eval-
uations. Thereis currentlylessprocessediatafor the
British English system. The trigram languagemodels
usesomeof theNorth Americantext datatogethemwith
British Englishnewspaperand newswire data(about4
million wordsfrom Sep—Ded 998)),transcriptionsand
scriptsfrom BBC newsandcurrentaffairsoutput(about
6 million wordsfrom Mar 1997— Sep1998)andtran-
scriptionsfrom CNN output(about8 million wordsfrom
Sep-Ded998).

Search: TheLVCSRsearchspaces huge.In the AB-
BOT systemwe have adoptedstackdecodingsearctstrate-
giesembodiedn theNowAy [7] andCHRONOS [8] de-
coders.Thesesearchalgorithmsareableto make direct
useof the posteriorprobability estimategproducedby
the neuralnetwork acoustiomodelby pruningall those
phoneswhich have an estimatedocal posteriorproba-
bility belowv athreshold We have furtherdevelopedthe
CHRONOS decodeffor this searchtaskto achieve:

Real-timerecognition Usinga450MHzPentium-lirun-
ning UNIX we averagereal-timedecodingwith a
typical memoryusageof under256Mh This is
importantfor this taskasour final systemtargets
about1000hoursof audio.

Whole show decoding The efficient memoryusageof
CHRONOS allows decodingof hourlong shavs
andsoenablegheuseof onlineacousticmormal-
isationasanalternatve to themorecommonper
segmentnormalisatiortechniques.

Confidencemeasures Whendecodingcontinuousau-
dio the error rate variesby more thanan order
of magnitude We have integratedthe confidence
measure®f [6] to allow weighting of the Term
Frequeng componentin text retrieval.

Crosssentencedecoding In commonwith mostimple-
mentations pur languagemodel containsa spe-
cial symbol, <s>, to indicatea sentencébound-
ary. Giving this symbolanacoustiaealisationof
ashortperiodof silenceallowsthedecodeto hy-
pothesisesentencéoundariesandsofit the de-
siredfunctionalityof multiple sentenceecoding.

SpeechRecognitionResults:

Our primary objective is fast, efficient information
retrieval. Speechrecognitionperformanceis weakly
correlatedwith this goalandin this sectionwe give the
word errorrate(WER) for variousconfiguration®f our
system.In mary caseswe arepreparedo accepanin-
creasan WER in orderto maximisethe overall system
performance.

Tablel shavs the WER of the systemevaluatedon
two newsbroadcastdheBBC Nine O’Clock nevsfrom
8 May 1998 andthe BBC One O’Clock news from 9
February1999. The baselinesystemwassetup to run

Lftp://www-svreng.cam.ac.uk/pub/op.speek/dictionariesbe.ta.gz in real-time it usedthelanguagenodeldescribedbore
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with onlineacoustimormalisatiorinsteadof sggmenta-
tion, usedcrosssentencelecodingandemployedconfi-

dencebasedraining of the acousticnodels.The base-
line WER is higherthanthatreportedfor North Amer

icanbroadcashews system[5], in partbecausave de-
codecompletebroadcastsind scoreagainstsingle hy-

pothesidranscriptionsThefour timesreal-timesystem
shavs thatwe make atleast2% moreerrorsin orderto

run at the speedwe desire. Selectingthe training data
usedusingamoreappropriatéanguagenodelandper

forming cross-sentenadecodingall improvedtheerror
rateslightly.

System WER
baselinesystem 36.6%
4x real-time 35.9%
all trainingdata 37.1%
with North AmericanLM | 37.4%
withoutcross-sentence| 36.9%

Tablel: Word error ratesfor variationson the baseline
British Englishsystem.

5. TEXT RETRIEVAL

Theinformationretrieval componenbf THISL is based
on the bag-of-words probabilisticmodel. Eachdocu-
ment— whichis producedy aspeechrecognizer— is
preprocessedsinga stoplist andthe Porterstemming
algorithm,andmayberepresentedsabagof processed
terms.We usethe Okapitermweightingfunction[9] to
matchatermt againsia documend:

CFW(t) * TF(t,d) * (K+ 1)
K((1—b) +b=xNDL(d)) + TF(t,d)
whereTF(t,d) is the frequeng of termt in document
d andNDL(d) is thenormalizeddocumentengthof d

DL(d)
BL 2)

DL(d) is the length of documentd (ie the numberof
unstoppedermsin d). CFW(t) is atermthatmeasures
what proportionof the collectiont appearsandis re-
ferredto asthecollectionfrequeny weight:

CFW(t) = log (%) , 3)

whereN is the numberof documentsn the collection
andN(t) is thenumberof documentgontainingtermt.

Theparameterd andK in (1) controltheinfluence
of documentengthandtermfrequeng in the weight-
ing function. Theseare setempirically; for our spoken
documentetrieval work we typically usevaluessuchas
b=0.5andK = 1.0.

A queryis alsorepresentedsabagof (stoppecand
stemmed}erms. The overall matchbetweena docu-
mentanda queryis obtainedby summing(1) over all
termsin the query The collectionmaythenberanked
with respecto relevanceto a particularquery

CW(t,d) =

» (D)

NDL(d) =

5.1. Query Expansion

Underthe bagof wordsmodel,if arelevantdocument
doesnotcontainthetermsthatarein thequery thenthat
documentwill not be retrieved. The aim of query ex-
pansionis to reducethis query/documentnismatchby
expandingthequeryusingwordsor phrasesvith a sim-
ilar meaningor someotherstatisticalrelationto the set
of relevantdocuments.This procedureanay have even
greaterimportancen spolendocumentetrieval, since
the word mismatchproblemis heightenedy the pres-
enceof errorsin the automatictranscriptionof spolen
documents.

An obviousdangerin usingrelevantdocumentse-
trievedfrom adatabasef automaticallytranscribedpo-
kendocumentss thatthe queryexpansiomrmayinclude
recognitionerrors(eg [2]). Oneway of avoiding this
problemis by usinga secondarycorpusof documents
from a similar domainthat do not containrecognition
errors.For our applicationanohbviouschoicefor sucha
COorpusis contemporaneougwswireor nevspapetext.
This secondarycollectionis ranked with respecto the
query A queryexpansionalgorithmmay then be ap-
plied usingthis rankingto find thosetermsin the sec-
ondarycollectionthat have the largestmutualinforma-
tion (or relatedstatistic)with the queryterms.

In interactve systemswherethereis ahumanin the
loop, it is possibleto definitelymarkdocumentssrele-
vantor non-releant,andsuchdocumentganbeusedas
training datafor a relevancefeedbak queryexpansion
approachln thepurelyautomatiacasejn whichnorel-
evancejudgementsareavailable, it is assumedhatthe
top nr documentsarerelevant. This processs some-
timestermedpseudo-elevancefeedbak. We have used
suchan algorithm,basedon the local context analysis
algorithmof Xu andCroft [10]. In this algorithm,the
guery expansionweight for a term given a query and
the secondarycollectionis basedon the nr top ranked
documentsn thesecondargollection:

QEW(Q.9)= 5 g o

log(AF(e,t)) x CFW(e)
log(nr) + 6)
*CFW(t). (4)

The potential query expansiontermse are simply
thosetermsin therelevantdocumentsThetermAF (e, t)
measureshetermfrequeng correlationof two termse
andt acrosscollectionof documents;:

nr

AF(et) = .ZTF(e’di)*TF(t’di)' (5)

Thent possibleexpansiortermswith thelargestweights
arethenaddedo theoriginalquery weightedasl/rank
Note that this algorithmis not discriminatve, sinceit
doesconsider(pseudo-)non-releantdocuments.

In practicethe valuesof nr and nt are maximum
limits, sincewe thresholdsothatonly thosedocuments
with ascoregreaterthan0.8timesthe scoreof the top-
ranked documentare consideredandonly thoseterms
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Figurel: Effect of queryexpansionon recall-precision
for TREC-7 SDR using referencetranscriptions(R1)
andthe outputof the ABBOT recognize(S1).

with QEW(Q, e) greatethananempirically-determined
thresholdareadded.

We experimentedwith this query expansionalgo-
rithm onthe TREC-7SDR corpus.Figure1 shavs the
effect on the interpolatedrecall-precisiorcurve for the
referenceandspeectrecognitionconditions;the query-
by-queryeffectoverthe23 queriesn the TREC-7SDR
evaluationis shovn in figure 2.

5.2. Segmentation

Speeclrarelyarriveswith marked segmentboundaries,
asis well known to speectrecognitionresearchersil-
thoughcontrolledevaluationssuchasTRECSDR, have
includedhandsegmentatiorof nevsbroadcastmto sto-
ries, this featureis typically not availablefor mostap-
plications. The corpuswe have collectedfor the BBC
applicationis recordedoff air, andsomesegmentation

is necessaryo developan SDRsystem.

To enablethe objective evaluationof differentauto-
maticsegmentationswe have usedthe TRECSDRcor-
pussincerelevancgudgementsreavailable.Sincethis
is aseggmentedtorpus someadaptationsverenecessary
to enableautomaticsggmentatiorexperiments.To sim-
ulate the uns@mentedcondition all segmentedstories
were alutted and sggmentboundariesemoved. This
hasthesideeffectof remaoving the“gaps” dueto unrec-
ognizedmaterialsuchasadwertsandsportsnews. Au-
tomaticallyseggmenteddocumentsnaybecharacterised
by atimeindex (eg of thesegmentmid-point);to enable
the TREC relevancejudgementgo be used,thesetime
indexes are corvertedto the original documentiDs at
evaluationtime.

Therehasbeena substantiahmountof work in au-
tomaticallysegmentingdocumentgor text retrieval. Callan
[11] andKaszkielandZobel[12] have investigatedso-
calledpassae retrieval in which documentsrebroken
down into passagesypically usingdocumentmarkup
or windows of a fixed numberof words. Algorithms
thatautomaticallysegmentdocumenténto semantically
separat¢opicshave alsobeeninvestigatedecently[13,
14]. Benefitsof passage-baseadtrieval includethere-
trieval of themostrelevantportionsof longerdocuments,
the avoidanceof document-lengtmormalizationprob-
lemsandthe possibilityof moreuserfriendly interfaces
that returnthe mostrelevantportion of a document.|t
hasalsobeenclaimedthatpassageetrieval canimprove
averageprecision,sinceit returnsshortpassagesvith
thehighestqueryword density The principal problems
with passageetrieval are the sggmentationalgorithm,
and also the possibility of a dramaticincreasein the
numberof “documents’(ie passagesh thecollection.

The situationfor spolkendatais somavhatdifferent
to thatfor text. Without somekind of prosodicanaly-
sisary kind of “documentmarkup” mustbe ata much
coarserlevel. Also, the averagetopic length may be



muchshorterin broadcasnhews, comparedwvith mary
text documents.

We haveinvestigatedwo straightforvardapproaches

to automaticsggmentatiorusingwindowsbasedntime
andnumberof words. In both caseswve have usedrect-
angularwindows, of varying lengthsand varying de-
greesof overlap. Initial experimentswere carriedout
usingthe TREC-7 SDR system without query expan-
sion. In this case,our standarchand-sgmentedsys-
temresultedn anaverageprecisionof 0.4062.Figure3
shavstheaverageprecisionfor varyingwindow lengths
andoverlapsusingrectangulawindows basednfixed
time intenals (left) andfixed word lengths(right). The
maximumaverageprecisionfor both systemsis simi-
lar, 0.3720and 0.3757respectrely. This occurswith
arelatively shortwindow length(30sand80 wordsre-
spectvely) and with an overlap of around50%. The
dependencef averageprecisionon window lengthand
overlapseemanuchsmootherfor the time-basedvin-
dow.

Theabove experimentsvererepeatedisingthebest

window parameterandqueryexpansiorfromalA Times/
WashingtorPostcorpuscontemporaneowsgith theBroad-

castNews data. The corpuswas manuallysegmented
into storiegdocuments)Eachquerywasexpandedvith
thetop 10 termsfrom thetop 8 documentsasdescribed
in Section5.1. Queryexpansionincreasedhe average
precisionfor the hand-sgmenteddatato 0.4598,with
similar improvementdor the automaticallysegmented
casegseeDocumenigueryexpansionn Table2).

The final experimentwas to apply automaticseg-
mentationto the query expansioncorpususing an 80
word window with 50% overlap. This resultedn much
shorterquery expansiondocumentghanbefore. Con-
sequentlythe numberof relevantdocumentdor query
expansionwas increasedrom 8 to 50. This method
workedwell, with averageprecisionrising dramatically
t0 0.5024.1n addition,theaverageprecisionof thetime-
window sggmentedlocumentsvasalmostashighasthe
bestresultfor manualsegmentation.The averagepre-
cision of the word-windov segmenteddocumentgdid
not improve, however (seePassaga&jueryexpansionin
Table2).

6. EVALUATION

Direct evaluationof the THISL systemfor BBC news
is difficult sincethe TREC methodologyof pooledrele-
vanceassessments difficult to implementfor a single
system,thus making accuraterecall statisticsdifficult
to obtain. Furthermore sincethe BBC datahasonly
beentranscribedby a mediumword error rate recog-
nizer, large-scaleaelevanceassessmentwelikely to be
labourintensie. A twofold stratey is possible:evalu-
ation of the equivalentNorth Americanbroadcashews
systemwithin TREC,andprecision-oriente@valuation
of theBBC system(eg usingprecisionat1,2,5,10) Pre-
cision resultsfor the BBC systemwill be reportedat
the workshop;table 2 reportsresultsfrom the TREC-7
SDR evaluation,including using automaticsggmenta-

tion. Notethatthe parameterfor thesegmentatiorwin-
dow weredevelopedon the evaluationset. We notethat
automaticsegmentationonly resultsin a 10% relative
reductionin averageprecisioncomparedvith thehand-
segmentation. Also, using passageetrieval (with an
80 word window, with 50% overlap)on the secondary
gueryexpansioncollectionresultsin a smallimprove-
mentin averageprecisioncomparedvith usingthedoc-
umentboundariegjivenin thatcollection. Thisis con-
sistentwith theresultsreportedn [10].

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

Table2: Averageprecisionfor the TREC-7SDRevalu-
ationdata.Conditionsincludedno queryexpansiorand
guery expansionusing a contemporaneousenswire
corpus(LA TimesandWashingtonPost1997-98)with

eitherpassag®r documentseggmentation;and manual
segmentation(provided by NIST/LDC) and automatic
segmentatiorbaseddnfixedrectangulatime (30s,60%
overlap)or word (80 words,50% overlap)windows.

7. DEMONSTRATION SYSTEM

ThecurrentTHISL systenfor BBC newsuseghespeech
recognitionandinformationretrieval stratgiesdiscussed
above. Queryexpansions performedusingasecondary
collection derived from the British PressAssociation
newswire,andwe useatime-basedectangulawindow
for automaticsggmentation.

In addition to the standardkeyboardinterface for
submitting queries,we are also experimentingwith a
spolenqueryinterface.To assesshe systemin a prac-
tical situation,easyuseraccessvould berequiredfrom
officeervironments.Thisdictatecthatacces$rom gen-
eral purposeadesktopPCswould be essentiahndhence
a Web browserwould be the mostcost-efective inter-
facefor keyboardinitiated queries. Although this ap-
proachwould not permitthe spolen queryinterfaceto
be assessetb the sameextent, this latter aspectcould
beassesseith morecontrolledconditionsatadedicated
workstation. Consequentlythe THISL systemitself is
mostcorvenientlyimplementedon a dedicatedccentral
systenmwith thecorefunctionsof recording speechrecog-
nition andindexing carriedoutautomaticallyon atleast
adaily basis.

Thesizeof thedatabaseandthefactthatit would be
updatedwith new programmegachday, requiredcare-
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Figure3: Effecton averageprecisionof automaticsggmentatiorwindow length.

ful consideratiorof the amountof datathat could be
processedind handledin practice. It was decidedto

build the main Englishlanguagedatabaséy taking six

main BBC News broadcastgachday: threeeachfrom

televisionandradiochannelsThisamountdo about2.5
hoursof audioand,althoughby nomeanghefull output
from a newsroom,shouldcover all the major breaking
storieseachday. Over the courseof the project,there-

sultantdatabaseizewill belarge enoughto assesshe
effectivenesof speechretrieval but not too onerousto

manage.The prototypedemonstratiorat the workshop
will be basedon anarchive of over 500 hoursof BBC

news output.
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