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ABSTRACT

This paperpresentswork doneat CambridgeUniversityfor the
TREC-9 Spoken DocumentRetrieval (SDR) track. The CU-
HTK transcriptionsfrom TREC-8with WordErrorRate(WER)
of 20.5%wereusedin conjunctionwith stopping,Porterstem-
ming, Okapi-styleweightingandqueryexpansionusinga con-
temporaneouscorpusof newswire.A windowing/recombination
strategy wasappliedfor the casewherestory boundarieswere
unknown (SU) obtaininga final resultof 38.8%and43.0%Av-
eragePrecisionfor theTREC-9shortandtersequeriesrespec-
tively. Thecorrespondingresultsfor thestoryboundariesknown
runs (SK) were49.5%and 51.9%. Documentexpansionwas
usedin theSK runsandshown to alsobebeneficialfor SUunder
certaincircumstances.Non-lexical informationwasgenerated,
which althoughnot usedwithin the evaluation, shouldprove
usefulto enrichthetranscriptionsin real-world applications.Fi-
nally, crossrecogniserexperimentsagainshowed thereis little
performancedegradationasWER increasesandthusSDRnow
needsnew challengessuchasintegrationwith videodata.

1. INTRODUCTION

With theever-increasingamountof digital audiodatabeingpro-
duced,it is becomingincreasinglyimportantto beableto access
the informationcontainedwithin this dataefficiently. Spoken
DocumentRetrieval (SDR) addressesthis problemby requir-
ing systemsto automaticallyproducepointersto passagesin a
largeaudiodatabasewhicharepotentiallyrelevantto text-based
queries.Thesystemsareformally evaluatedwithin TRECusing
relevanceassessmentsproducedby humanswho have listened
to the audio betweenpreviously establishedmanually-defined
“story” boundaries.A transcriptiongeneratedmanuallyis also
providedfor areferencerunto giveanapproximateupper-bound
on expectedperformance.

The naturalway to allow easyindexing andhenceretrieval of
audioinformationis to representtheaudioin atext formatwhich
can subsequentlybe searched.One suchmethodis to repre-
sentthespeechpresentin the audioasa sequenceof sub-word
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units suchasphones;generatea phonesequencefor the text-
basedquery;andthenperformfuzzymatchingbetweenthetwo.
(seee.g.[4, 17]) The fuzzy phone-level matchingallows flexi-
bility in the presenceof recognitionerrorsandout of vocabu-
lary (OOV) querywordscanpotentiallyfind matches.However,
this approachstill requiresa methodof generatingphonese-
quencesfrom the querywords(usuallya dictionary); it cannot
easilyusemany standardtext-basedapproaches,suchasstop-
ping andstemming;andperformanceon large scalebroadcast
newsdatabases,suchasthoseusedwithin theTREC-SDReval-
uationsis generallypoor[8].

With therecentimprovementsin theperformanceandspeedof
large vocabulary continuousspeechrecognition(LVCSR) sys-
tems,it is possibleto producereasonablyaccurateword based
transcriptionsof the speechwithin very large audiodatabases.
This allows standardtext-basedapproachesto beappliedin re-
trieval, andmeansthata realusercouldeasilybrowsethetran-
scripts to get an idea of their topic and hencepotential rele-
vancewithout needingto listen to the audio. (seee.g. [27]).
Theinclusionof a languagemodelin therecognisergreatlyin-
creasesthe quality of the transcriptionsover the phone-based
approach,and the overall performanceof word-basedsystems
hasoutperformedotherapproachesin all previousTREC-SDR
evaluations[8]. OOV wordsdo not currentlyseemto present
a significantproblemprovidedthatsuitablecompensatorymea-
suresareemployed[28] androlling languagemodelshavebeen
investigated(seee.g.[3]) asaway to adaptto changingvocabu-
lariesastheaudioevolves.

Several methodsto compensatefor the errorsin the automati-
cally generatedtranscriptionshave beendevised.Most of these
usea contemporaneoustext-basednews-wire corpusto try to
addrelevantnon-erroneouswordsto thequery(e.g.[1, 12]) or
documents(e.g.[22, 23, 12]) althoughotherapproachesarealso
possible(e.g. the machine-translationapproachin [5]). These
methodshave proven very successfuleven for high error rate
transcriptions[16], sothefocusof SDRhasgenerallyswitched
to trying to copewith continuousaudio streams,in which no
“document”boundariesaregiven1. Thisstory-boundary-unknown
(SU) taskis themainfocusof theTREC-9SDRevaluation.

1Or atleastwheretopicboundariesarenotavailablewithin theglobalbound-
ariesof anewscast.



Ouroverallapproachinvolvesgeneratingaword-level transcrip-
tion anddividing it into overlapping30 secondlong windows.
Standardstopping,stemmingandOkapi-weightingareuseddur-
ing retrievalwith queryexpansionfromacontemporaneousnews-
wire collection,beforemergingtemporallyclosewindowsto re-
ducethenumberof duplicatesretrieved.

ThispaperdescribestheCambridgeUniversitySDRsystemused
in the TREC-9SDR evaluation. Sections1.1 and1.2 describe
thetasksanddatafor theevaluationin moredetail.Theproblem
of extractingnon-lexical informationfrom theaudiowhichmay
behelpful for retrieval and/orbrowsingis addressedin section2
and the transcriptionsusedaredescribedin section3. Devel-
opmentfor theSU runsis given in section4, with resultsfrom
thefinal systemonall transcriptionsandquerysetsgivenin sec-
tion 5. Theeffectsof usingnon-lexical informationin retrieval
are investigatedin section6 anda contrastfor the casewhere
storyboundaryinformationis known (SK) is givenin section7.
Finally conclusionsareofferedin section8.

1.1. Description of TREC-9 SDR Tasks

TheTREC-9SDRevaluation[6] consistedof two tasks.For the
mainstory-boundary-unknown(SU) task,thesystemwasgiven
justtheaudiofor eachnewsepisode(e.g.entirehour-longnews-
casts)andhadto producea ranked list of episode:timestamps
for eachtext-basedquery. Thescoringprocedureinvolvedmap-
ping thesestampsto manuallydefinedstory-IDs, with dupli-
catehits beingscoredasirrelevant,andthencalculatingPreci-
sion/Recallin theusualway2.

Thetwo differencesfrom thistaskto theTREC-8SDRSUeval-
uation task [8, 12] are firstly that for TREC-9, all the audio
wasjudgedfor relevance(includinge.g.commercials)andsec-
ondly thatnon-lexical information(suchasthebandwidth/gen-
der/speaker-ID, or thepresenceof musicetc.)thatwasautomat-
ically detectedby thespeechrecognitionsystemcouldbeused
in additionto theword-level outputat retrieval time. A contrast
run (SN) wasrequiredwithout theuseof thenon-lexical infor-
mation,if it hadbeenusedwithin theSUrun,to allow theeffect
of this additionalinformationto beseen.

Anothercontrastrun wheremanually-definedstory boundaries
were provided (SK) allowed the degradationfrom losing the
story boundaryinformation to be evaluated. This is the same
asthe primary taskin the TREC-8SDR evaluation. Siteshad
to run on their own transcriptions(s1), a baselineprovidedby
NIST (b1) andthemanually-generatedreference(r1)3.

1.2. Description of Data

Theaudiodatafor thedocumentcollectionwasthesameasthat
usedin theTREC-8SDRevaluation,namely502hours(˜4.5M
words) from 902episodesof Americannewsbroadcastbetween

2PrecisionandRecallwerecalculatedwith respectto whole stories,rather
thanamorenaturalpassage-basedapproachfor logistic reasons.

3Seesection3 for moredetails.

FebruaryandJune1998inclusive. TheSK runstookasubsetof
˜3.8M wordsdivided into 21,754manuallydefined“stories” to
giveanaveragedocumentlengthof ˜170words.

The queriesusedfor development (TREC-8) and evaluation
(TREC-9)aredescribedin Table1. Two setsof querieswere
used,namely short (correspondingto a single sentence)and
terse(approximately3 key words).Thequerysetscorresponded
to the sameoriginal informationneedsandthusthe samerele-
vancejudgementswereusedin bothcases.Theintroductionof
tersequerieswasnew for TREC-9,andwasintendedto model
the keyword-typequeryusedin many WWW searchengines.
Sincetherewere no existing tersedevelopmentqueries,terse
formsof theTREC-8querieswere developedin houseandthus
arenot thesameasthoseusedbyothersites.

Dev (TREC-8) Eval (TREC-9)
Num. Queries 49 50
Ave. # Wordsin Query 13.6(s)2.4(t) 11.7(s)3.3(t)
Ave. # Distinct TermsperQ. 6.6(s)2.3(t) 5.6(s)2.9(t)
Ave. # RelDocs 37.1 44.3

Table1: Propertiesof queryandrelevancesets.(s=shortt=terse)

The contemporaneousparallel text corpususedfor query and
documentexpansionconsistedof 54k newswirearticles( 36M
words)from JanuarytoJune1998.Althoughsignificantlysmaller
thanthatusedby someothersites(e.g.183karticlesin [24]), in
previouswork we foundthat increasingtheparallelcorpussize
to approximately110k articlesdid not help performance[16].
The corpus,summarisedin Table2, consistedof the (unique)
New York Times(NYT) and20%of theAssociatedPress(APW)
articlesfrom the TREC-8SDR Newswire dataenhancedwith
someLA Times/WashingtonPost(LATWP)storiesandwasevenly
distributedover thewholetimeperiod.

Source LATWP NYT APW Total
Num. Stories 15923 20441 17785 54149
Ave. # Wordsin Doc. 685 885 385 662

Table2: Descriptionof theParallelCorpus.

2. GENERATING NON-LEXICAL INFORMATION

Audio containsmuchmoreinformationthanis capturedsimply
by transcribingthewordsspoken. For example,theway things
aresaid,or who saidthemcanbe critical in understandingdi-
alogue,andmany non-speechevents(suchasmusic,applause,
suddennoises,silenceetc.) may also help the listenerfollow
what wasrecorded.Currentspeechrecogniserscanautomati-
cally recognisemany of thesethings,suchasthespeaker ID or
gender(e.g.[13]) andthe presenceof music,noiseandsilence
etc. (e.g.[21]), but the speech-recognition-transcription(SRT)
formatusedin theSDRevaluationsdoesnot supportthe inclu-
sion of suchadditionalinformation. For TREC-9a new Seg-
mentationDetectionTable (SDT) file was allowed [6], which
representedvariousaudiophenomenafoundduringrecognition
in a text-basedformatwhichcouldbeusedat retrieval time.



Therearetwomainusesfor suchnon-lexical information,namely
to increaseretrievalperformanceandto helpnavigation/browsing
in real SDR applications. The TREC-9 SDR evaluationonly
allowed the former to be properly evaluated,but the latter is
equallyimportantin realworld applications,andtagsshouldnot
bethoughtto beirrelevantjustbecausethey werenotusedin the
retrieval stageof thesystem[18].

Non-lexical informationcanbeusedto helpSU retrieval in two
mainways. Firstly someinformationaboutbroadcaststructure
including potentiallocationsof commercialsandstory bound-
ariescanbepostulatedfrom audiocuessuchasdirectly-repeated
audiosections,changesin bandwidth/speaker or the meanen-
ergy in thesignal. Secondlypropertiessuchasthepresenceof
music,backgroundnoiseor narrowbandspeechcanbeusedto
identify portionsof transcriptionwhich arepotentiallylessreli-
ablethannormal.

Table 3 shows the tagsgenerated,whilst the next sectionex-
plains how thesewere producedandsection6 discussestheir
effecton retrieval performance.

Tag (high)-Energy Repeat Commercial
Number 19,882 7,544 5,194
Segment Gender Bandwidth Nospeech
142,914 57,972 49,542 15,700

Table3: Non-lexical tagsgeneratedfor TREC-9.

2.1. Segment, Gender, Bandwidth and Nospeech

The first stageof our speechrecognitionsystemconsistsof an
audiosegmenter. Initially the datais classifiedinto wideband
speech, narrowbandspeechor pure music/noise, giving the
bandwidth andnospeech tagsrespectively. The labelling
processusesGaussianmixturemodelsandincorporatesMLLR
adaptation.A gender-dependentphonerecogniseris thenrunon
thedata,andthesmoothedgender changepointsandsilence
pointsareusedin the final segmentation,hencegeneratingthe
segment tags.Moredetailscanbefoundin [12] and[11].

2.2. Energy

Signalenergy canhelpto indicatethepresenceof commercials.
Theaveragenormalisedlog energy (NLE)4 for theTREC-7and
JanuaryTDT-2 data,given in Table 4, shows that in general
commercialshaveahighermeanenergy contentthannews.

TREC-7data JanuaryTDT-2 data
Br. Story Filler Comm. News Comm.

ABC -2.82 -2.82 -1.95 -2.98 -2.22
CNN -2.22 -2.21 -1.69 -2.27 -2.08
PRI -2.40 -2.63 -1.84 -2.61 -2.48

Table4: Averagenormalisedlog-energy for TREC-7andJan-
uaryTDT-2 datafor Stories,Fillers andCommercials.

4NLE is relatedto thedB from themaximumenergy in theepisodeby:
ln10 * dB = 10 * ( 1 - NLE )

By windowing the audioandcomparingthe NLE for each5s
window to a threshold,it is possibleto generatea crudeindi-
cator of wherecommercialsmight be occurring. Imposinga
minimum lengthrestrictionon the postulatedcommercialscan
beusedto reducethefalsealarmrate.Table5 shows theresults
of applyingsucha systemon the development(JanuaryTDT-
2) and test (TREC-9) data. Whilst the methoddoespick out
relatively more commercialsthannews stories,it is not accu-
rateenoughin itself to beusedduringretrieval, andwouldneed
to be combinedwith othercuesfor more reliablecommercial
identification. Tagsweregeneratedusinga thresholdof 10dB
(NLE=-1.3),but thesewerenot usedin theretrieval systemfor
thereasonmentioned.

�
ml ABC PRI CNN

-1.5 - 36.9@3.2 37.4@15.559.2@13.9
-1.3 - 22.0@1.5 27.6@9.5 44.9@7.0
-1.3 20s 9.5@0.2 15.6@4.1 23.0@1.3

a)Developmentdata(JanuaryTDT-2) VOA
-1.5 - 39.3@3.4 49.2@26.153.0@13.7 18.8@4.8
-1.3 - 23.7@1.7 40.0@17.6 41.5@7.2 13.9@2.7
-1.3 20s 8.6@0.2 25.0@7.6 21.5@1.5 3.7@1.0

b) TREC-9testdata

Table5: Percentagenon-story@ story rejectionwhenusinga
threshold,

�
, on the normalisedlog energy for 5swindows, in-

cludingrestrictingtheminimumlength,ml.

2.3. Repeat and Commercial

Direct audiorepeats(i.e. re-broadcasts)were found using the
techniquedescribedin [14], by comparingall theaudio(across
theentire5 months)from eachbroadcaster. Commercialswere
postulatedin a similar way to thatdescribedin [12], by assum-
ing that segmentswhich hadbeenrepeatedseveral timeswere
commercialsandthatnonewsportionof lessthansomesmooth-
ing lengthcouldexist betweenthem. Table6 shows theresults
from applyingtheparametersetusedin theevaluation(C-E)and
a lessconservativerun (C-2) asa contrast.Thenumbersfor our
TREC-8commercialdetectionsystemaregivenfor comparison.

Time(h) TREC-8 TREC-9
Br. N-St St. C-E C-E C-2

ABC 19.5 42.9 65.5@0.02 79.8@0.01 83.3@0.13
CNN 73.3 170 35.7@0.46 62.4@0.43 69.8@0.62
PRI 11.6 81.5 16.6@0.10 24.5@0.14 28.0@0.19
VOA 9.4 92.9 5.0@0.04 7.2@0.09 8.1@0.11
ALL 114 388 36.3@0.23 57.0@0.24 62.7@0.35

Table6: Overall time andpercentageof non-stories@ stories
rejectedusingboththeTREC-8andTREC-9commercialdetec-
tion systemswith a lessconservativeC-2 run for comparison.

Detectionperformancewith thisstrategy isveryimpressive,with
overhalf theadvertsbeingidentifiedfor negligible lossof news
content.Removing thesepostulatedcommercialsautomatically
beforeretrieval wasearliershown notonly to reducetheamount
of processingnecessarybut alsoto significantlyimproveperfor-
manceon the TREC-8 data[15]. The improvementfrom the



TREC-8to theTREC-9commercialdetectionsystemis dueto
the changein ruleswhich allows both segmentsfor any given
matchto

�
benotedwithin theSDTfile5.

3. TRANSCRIPTIONS

3.1. s1 Transcriptions

Thetranscriptionsusedfor ours1 runswerethosewegenerated
for the1999TREC-8SDRevaluation.A summaryof thesystem
is shown in Figure 1 and a detaileddescriptioncan be found
in [12]. Thesystemranin 13xRT6 andgave a Word Error Rate
(WER) of 15.7%on the November1998 Hub4 eval dataand
20.5%on the10-hourscoringsubsetof theTREC-8data.

Elimination of Commercials

Audio Data

Coding into MFCC and PLP

Segment List NB/WB F/M labels

Segmentation and Classification

42.3hrs commercials

34.2 hrs music/silence

cuhtk99-p1 transcriptions
1st Recognition Pass (GI, NB/WB)
tri-phone, 60k vocab, 4-gram LM

Final Gender Determination, 
Clustering and MLLR adaptation

2nd Recognition Pass (M/F NB/WB)
adapted 3-phone, 108k, 4-gram LM (cuhtk)-s1 transcriptions

Figure1: Systemusedto generatetranscriptions.

3.2. Other Available Transcriptions

Manually generatedclosed-captiontranscriptions7 were avail-
able for the storieswithin the SK part of the evaluationfrom
TREC-8 [8]. Word-level time stampsfor theseportionswere
producedby LIMSI usingforcedalignmentaftersometext nor-
malisation.Referencetranscriptionswerealsomadefor there-
maininguntranscribedportionsof thedatabyNISTusingROVER
on the available TREC-8 ASR transcriptions[7]. The subse-
quentreferencer1 wasthusconsiderablydifferentto thecorre-
spondingsetof referencetranscriptionsfor TREC-8.

Additional transcriptionswere madeavailable for the TREC-
9 SDR runs. The baselinecasesfrom TREC-8SDR produced
by NIST using the BBN Rough’N’Readyrecogniser[3] were
re-releasedwith b1 from TREC-8becomingcr-nist99b1,

5In TREC-8,the commercialdetectionwasdonepre-recognitionin an on-
line manneri.e. youcouldnotaddinformationaboutpasteventsretrospectively.

6OnaPentiumIII 550MHzprocessorrunningLinux.
7Closed-captiontranscriptionsoften useparaphrasesor summarieshence

giving asignificantWER.

whilst b2 from TREC-8becamethe baselineb1 for TREC-9.
The TREC-8 transcriptionsfrom Sheffield [2] and LIMSI [9]
werere-releasedascr-shef-s1 andcr-limsi-s1, whilst
both sitesprovided new (higher quality) transcriptionsnamed
cr-shef-s2 [2] andcr-limsi-s2 [10] respectively. The
WER for thesesetsof transcriptionson the10hrTREC-8scor-
ing subsetof thecorpusareshown in Table7.

Recogniser Corr. Sub. Del. Ins. WER
r1 91.9 2.5 5.6 2.2 10.3
(cuhtk-)s1 82.4 14.0 3.7 2.9 20.5
cr-limsi-s2 82.1 14.2 3.7 3.3 21.2
cr-limsi-s1 82.0 14.6 3.4 3.5 21.5
cr-cuhtk99-p1 77.3 18.5 4.2 3.9 26.6
b1 76.5 17.2 6.2 3.2 26.7
cr-nist99b1 75.8 17.8 6.4 3.3 27.5
cr-shef-s2 74.6 20.0 5.4 3.8 29.2
cr-shef-s1 71.9 22.0 6.1 3.9 32.0

Table7: WERon TREC-810 hourscoringsubsetof eval. data.

4. SU DEVELOPMENT

4.1. The Basic System

The basic framework for the SU system,shown in Figure 2,
is similar to our TREC-8system[12]; but it doesnot enforce
boundariesat proposedcommercialbreaks,it usesa different
methodof performingquery expansionand is simpler in not
having part-of-speechquery weighting, semanticposetindex-
ing or parallelcollectionfrequency weighting.

transcriptions non−lexical info parallel corpus

test−index add index files

retrieval

window recombination

query−expansion

query

mix−test index

final ranked list

1) remove commercials
2) window by time
3) preprocess
4) index

1) normalise text
2) preprocess
3) index

par−index

1) normalise text
2) preprocess

Figure2: Framework for theSU system.

Thetranscriptionswerefirst filtered,removing all wordswhich
occurredwithin periodslabelledascommercial in the non-
lexical file (seesection2.3). Windows of 30s length with an
inter-window shift of 15swerethengeneratedto divide up the
continuousstreamof transcriptions.



Text-normalisationwas appliedto the query and parallel cor-
pusto minimisethe mismatchbetweenthe ASR transcriptions
and the text-basedsources. Preprocessingincluding mapping
phrasesandsomestemmingexceptions,punctuationremoval,
stopword removal andstemmingusingPorter’s algorithm,for
all documentsandqueries.Thestoplistincludednumberssince
somedevelopmentexperimentssuggestedthis increasedperfor-
manceslightly.

The retrieval enginewas similar to that employed in TREC-
8 [12], using the sumof the combined-weights(CW) [20] for
eachquerytermto give thescorefor any givendocument.For
all runs,thevalueof � usedin theCW formulawas1.4,whilst	

wassetto 0.6 whenstory boundaryinformationwaspresent
(e.g. whenusingthe parallelcorpus)or 0 whenno document-
lengthnormalisationwasnecessary(e.g. on thewindowedtest
collection). The inclusionof both queryanddocumentexpan-
sionbeforethefinal retrieval stageis discussedin section4.2.

The final recombinationstagepooledall windows which were
retrieved for a given querywhich originatedwithin 4 minutes
of eachother in the sameepisode. Only the highestscoring
window wasretained,with theothersbeingplacedin descend-
ing order of scoreat the bottomof the ranked list. Although
thismeansthattemporallyclosestoriescannotbedistinguished,
weassumethattheprobabilitythattwo neighbouringstoriesare
distinct but areboth relevant to the samequeryis lessthanthe
probabilitythey arefrom thesamestorywhich drifts in andout
of relevance.Althoughalternative,moreconservativestrategies
are also in use(seee.g. [2]), this strategy proved effective in
developmentexperiments[15].

4.2. Document and Query Expansion

4.2.1. QueryExpansion

Blind RelevanceFeedback(BRF)wasusedtoexpandthequeries
prior to thefinal retrieval stagewithin ourTREC-8system[12].
The implementationof queryexpansionusedfor TREC-9dif-
fersfrom this in two mainways.Thefirst concernswhich index
files to usefor theexpansion,andthesecondhow to weightthe
querytermsaftertheexpansionstage.

In previous work we ran blind relevancefeedbackfirst on the
parallelcorpusonly (PBRF),followedby anotherrunonthetest
corpusalone(BRF) beforethefinal retrieval stage(e.g. [12]).
The ideabehindthis ‘double’ expansionwas to usethe larger
parallelcorpus,whichcontainedknowledgeof storyboundaries
andhadno transcriptionerrors,to addrobustly relatedtermsto
thequerybeforerunningthestandardBRFtechniqueonthetest
collection.Includingbothstagesof BRFwasfoundto behelpful
to performance[16]. However, we have found it very sensitive
to thenumberof termsadded,
 , andnumberof documentsas-
sumedrelevant, � , for eachstage.Recentwork hasusedasingle
stageof queryexpansionon the union of the paralleland test
collections(UBRF) beforethe final retrieval stage[28]. This
givessimilar resultsbut is lesssensitive to thevaluesof 
 and �

chosenandhencewasusedin theTREC-9system.

Themethodof addingandre-weightingtermsduringqueryex-
pansionwaschangedfrom TREC-8to follow thespecifications
givenin [25] and[26] morestrictly. All termswererankedusing
theirOffer Weights(OW), but only thosewhichdid notoccurin
the original querywere thenconsideredaspotentialtermsfor
expansion.Thefinal matchingscorewasobtainedby usingthe
MS-RW formula asdescribedon page798 of [26]. Unlike in
previous years,both the original termsand the new expanded
termswerereweightedusingtheirRelevanceWeight(RW).

4.2.2. DocumentExpansion

Whilst documentexpansionhasbeenshown to bebeneficialfor
thecasewherestoryboundariesareknown [22, 23, 28], it does
not seemto have beenexploredfor the SU case.We therefore
implementeda documentexpansionstagefor our SU window-
ing systembasedon thatusedin our TREC-8SK system[12],
namely:

1. Form a pseudo-queryfor eachwindow containingmore
than10 differentterms,consistingof eachdistinctterm

2. Run this pseudo-queryon the parallel collection,giving
equalweightto all terms

3. Findthetop 
 expansiontermswith thehighestOfferWeight
from thetop � documents

4. Add eachexpansionterm to the window once(i.e. in-
creasethetermfrequency for eachexpansiontermby 1)

Experimentsvarying thevaluesof 
 and � showedthat thebest
performancewasobtainedfor 

����������������� for theTREC-8
queries.This document-expandedindex file wasthenusedfor
thefinal retrieval stagealongwith thequeriesgeneratedbefore
documentexpansion.

4.2.3. Results

Theresultsfrom includingqueryanddocumentexpansionwithin
the SU systemon TREC-8queriesaresummarisedin Table8
andgraphicallyillustratedin Figures3 and4.

Whenthereisnoqueryexpansion,documentexpansionincreases
meanaverageprecisionby 25%and15%relative for shortand
tersequeriesrespectively. For moderatequeryexpansion(e.g.

���� ), documentexpansionis beneficialfor bothshortandterse
queries,but this advantagedisappearsasthe level of queryex-
pansionincreases.Althoughthebestresultfor theshortqueries
is obtainedwhenincludingdocumentexpansion(51.72%vs
51.53%),the bestperformancefor the tersequeriesis consid-
erablyworsewhenincluding documentexpansion(47.65%vs
50.56%)andthusit wasnot includedin thefinal system.

Thevaluesof 
������ ���!����" werechosenfor theUBRF stage
despitethe fact that they werenot optimal for either the short
or thetersequeries,sincethey providedmoreconsistentperfor-
manceacrossthedifferentquerysets.
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DocExp QryExp ShortQ TerseQ
t r t r AveP R-P AveP R-P
- - - - 30.89 33.92 32.51 36.77
- - 8 20 50.84 52.54 47.28 48.43
- - 17 18 51.53 51.78 49.37 49.66
- - 20 26 51.15 51.78 50.02 49.79

- - 23 27 51.06 51.60 50.56 50.02
100 15 - - 38.68 42.42 37.27 41.01

100 15 8 20 51.72 52.61 47.65 48.70
100 15 17 18 49.19 49.17 47.00 47.90
100 15 20 26 48.94 49.27 46.67 49.45
100 15 23 27 49.03 49.45 44.48 47.32

Table8: Interactionof QueryandDocumentExpansionon SU
taskons1 transcriptions.

4.3. Changing the Window Skip

Recentwork atSheffield [19] suggestedthatincreasingtheover-
lap betweenwindows by decreasingthe skip during window
generationcould help improve performance. A contrastrun

with their lower skip time was thusmadeto seeif this would
havehelpedoursystem.Theresults,givenin Table9, show that
this would not havebeenbeneficialto our system,which usesa
significantlydifferentmethodof final window recombinationto
thatusedin Sheffield’ssystem.

ShortQueries TerseQueries
Windowing System AveP R-P AveP R-P
length30s,skip15s 51.15 51.77 50.02 49.79
length30s,skip9s 48.35 50.27 47.25 48.67

Table9: Effect of reducingtheskip sizein window generation
for s1 transcriptionsfor SU TREC-8queries.

4.4. Summary

Thus to summarise,after our trials with the TREC-8 queries,
our TREC-9 SU evaluationsystemusedwindowing, filtering
of potentialcommercials,relatively simpleindexing, querybut
not documentexpansion,standardOkapi weighting and post-
retrieval merging. The queryexpansionwasperformedon the
unionof thetestandtheparalleltext collections.

5. THE FINAL TREC-9 SU SYSTEM

TheresultsusingtheTREC-9evaluationSUsystemon all tran-
scriptionsaregiven in Tables10 and11 for the (development)
TREC-8and(evaluation)TREC-9querysetsrespectively, whilst
therelationshipbetweenperformanceandWER is illustratedin
Figure5.

Transcriptions ShortQ. TerseQ.
ID WER AveP R-P AveP R-P

r1 10.3 51.04 51.86 48.87 50.77
(cuhtk)-s1 20.5 51.15 51.78 50.02 49.79
cr-limsi2 21.2 50.90 51.07 49.76 50.03
cr-limsi1 21.5 48.75 49.42 47.47 48.09
cr-cuhtk99p1 26.6 49.34 50.92 47.18 47.88
b1 26.7 48.08 48.92 48.17 48.89
cr-nist99b1 27.5 48.37 49.05 47.86 48.36
cr-shef2 29.2 48.30 50.42 47.69 47.45
cr-shef1 32.0 46.91 48.75 46.55 47.38

Table10: Cross-recogniserresultsfor (development)TREC-8
queriesusingtheTREC-9SU evaluationsystem.

Theresultsconfirmtheconclusionsfrom earlierwork in SDR[8],
that thedeclinein performanceasWER increasesis fairly gen-
tle (-0.17%AveP/%WERon averagehere). The relative degra-
dationwith WER for theTREC-9andTREC-8shortqueriesis
almostidentical(-0.21vs -0.20%AveP/%WER),showing that
this fall-off is not query-setspecific8.

8TREC-8tersequerieshaveaslightly differentdegradation,but weregener-
atedin housewith differentpeopleandrestrictionsto thosefor TREC-9.



Transcriptions ShortQ. TerseQ.
ID WER AveP R-P AveP R-P

r1 10.3 40.03 42.09 44.02 47.38
(cuhtk)-s1 20.5 38.83 40.36 42.99 45.02
cr-limsi2 21.2 37.24 39.28 41.62 44.12
cr-limsi1 21.5 36.56 38.57 40.19 43.68
cr-cuhtk99p1 26.6 37.26 39.49 40.44 42.92
b1 26.7 37.08 39.91 40.75 43.87
cr-nist99b1 27.5 36.08 39.86 40.99 44.39
cr-shef2 29.2 37.03 39.48 39.83 42.65
cr-shef1 32.0 36.44 38.96 39.58 42.42

Table11: Cross-recogniserresultsfor theTREC-9SU eval.
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Figure5: RelationshipbetweenWERandAvePfor theTREC-9
systemon TREC-8andTREC-9queries.Theellipsesrepresent
2 standard-deviationpoints.

Theperformanceon the TREC-8(development)queriesis sig-
nificantly higherthanthaton theTREC-9(evaluation)queries.
Thismaybein partdueto threereasons,namely

1. Theparametersweretunedfor the TREC-8queries,and
maythusbesub-optimalfor theTREC-9queries.

2. All commercialsand“filler” portions(e.g. thosewhich
summarisestoriescomingup)werealsoevaluatedfor rel-
evancein TREC-9,whereasthey wereassumedirrelevant
for TREC-8.Over the50 TREC-9queries,therewere93
instancesof theseportionsbeingscoredasrelevant.Since
oursystemtriesto removeportionssuchastheseby auto-
matically removing commercialsbeforeretrieval andbi-
asingthe post-processingtowardsremoving fillers9, the
new relevanceassessmentproceduremayhave detrimen-
tally affectedourscore.

3. Naturalvariationin querydifficulty may have meantthe
TREC-9querieswere“harder” thantheTREC-8ones10.

9By finding only themostrelevant portionswithin a shorttemporalspanin
eachepisode.

10For ther1 run,wegot # 10%AvePfor 8 TREC-9shortqueries,but only 3
TREC-8shortqueries.

To investigatepoint 2 further, theTREC-9runswerere-scored
usingtheTREC-8procedure,which assumedall non-newspor-
tionswereirrelevant.This increasedAveragePrecisionby 1.9%
onaveragefor theb1, s1 andr1 runsfor bothquerysets.This
is partly becauseour SU systemtries to filter out thenon-news
portionsbeforeretrieval.

Thenumberof relevantstoriesfrom eachepisodefor eachquery
wascountedto investigatethevalidity of theassumptionmade
during post-processing,that the probability of a given episode
containingmorethanonerelevant story for a given querywas
small.Theresultsillustratedin Figure6 show that72%of all the
relevantstoriesareuniqueto their episodeandquery, but there
remainsthe potential to increaseperformanceby altering the
post-processingstrategy to allow moretemporallyclosedistinct
hits11.

1 2 3 4 5
0

200

400

600

800

1000

1200

1400

1600

1800

1605

227

40 8 1

Number of Stories per Episode per Query

F
re

qu
en

cy

Figure6: Numberof relevant “stories” from eachepisodefor
eachTREC-9query.

The expansionparameterswere chosenso that the resultsfor
theterseandshortTREC-8queriesweresimilar, meaningsub-
optimalvalueswere chosenwhenconsideringtheshortqueries
alone. Whencomparedto the (similar) systemfrom Sheffield,
whoseparameterswerechosenbasedsolelyontheshortqueries,
we do morepoorly on averagefor theshort-queryruns,but our
resultsarebetterfor all tersequeryruns[19].

In addition, the parameters$&%('*),+.-/%0'�1 which gave the
bestperformanceon the short developmentqueries,give bet-
terperformanceontheTREC-9shortqueries(AveP=39.38%on
s1), but worseonthetersequeries(AveP=42.78%ons1). This
suggeststhat thechoiceof parametersshouldtake theexpected
testquerylengthinto accountandthatperformanceovera wide
rangeof queriesmight beincreasedif theexpansionparameters
weremadeto befunctionsof querylength.

11For example, q153 has 5 relevant “stories” from the episode
199805282000 2100 PRI TWD, with start times: 235/371/810/1594/1711
seconds,but post-processingmerging 4-minuteportionsmeansa maximumof
3 couldberetrievedusingthisstrategy.



6. THE EFFECTS OF USING NON-LEXICAL
INFORMATION

As mentionedin section1.1, non-lexical informationautomat-
ically derived from the audiocould be usedwithin retrieval in
the TREC-9 evaluation. Thus, as discussedin section2, we
generatedinformationfor segment, gender, bandwidth,
nospeech, (high-)energy,repeat andcommercial tags
directly from theaudio.

For theSU systemwe usedthecommercial tagsto filter out
wordsthoughtto have originatedin commercialbreaks,but we
madenouseof theothertags.Thusfor ourrequiredSNcontrast
run, we ran the SU systemwithout filtering out the commer-
cials12. As canbe seenfrom Table12, aswell asreducingthe
amountof dataprocessingby around13%,filtering outcommer-
cials improvedperformanceby a small,but statisticallysignifi-
cant13 amounton bothsetsof developmentqueriesacrossall 3
transcriptions(r1,s1,b1). For theTREC-9evaluationqueries
only thes1-terse andr1-terse comparisonswerestatis-
tically significant14.

Query Run Time ShortQ. TerseQ.
Set ID Reject. AveP R-P AveP R-P

SN-r1 0 50.25 50.95 48.18 49.83
TREC-8 SN-s1 76.2h 50.77 51.20 49.93 50.12

SN-b1 0 47.86 48.37 47.96 48.85
SU-r1 65.8h 51.04 51.86 48.87 50.77

TREC-8 SU-s1 92.5h 51.15 51.78 50.02 49.79
SU-b1 65.8h 48.08 48.92 48.17 48.89

SN-r1 0 40.54 42.50 44.75 47.03
TREC-9 SN-s1 76.2h 39.00 40.35 42.65 45.11

SN-b1 0 37.81 40.44 42.17 44.77
SU-r1 65.8h 40.03 42.09 44.02 47.38

TREC-9 SU-s1 92.5h 38.83 40.36 42.99 45.02
SU-b1 65.8h 37.08 39.91 40.75 43.87

Table12: Effectof automaticallyremoving commercials(SU).

Contrastrunswerealsoperformedon thedevelopmentqueries
usingthelessconservativecomm2 systemandthemanualbound-
ariesderivedfrom the SK case.As canbe seenfrom Table13
usingeitherof thesewould have resultedin little differencein
performancefor our own transcriptions.(nonesignificantat the
2%level.)

Otherexperimentswererun for fun on the TREC-8queriesto
seethe effect of removing variouspartsof the audiousingthe
non-lexical information,suchashigh-energy regions,or partic-
ular bandwidth/gendersegments. The resultsaregiven in Ta-
ble 13 for thes1 transcriptions,andplotted in Figure7. The

12Note that the s1 transcriptionsalreadyhad 76.2hrsof audio filtered out
from theTREC-8segmentationandcommercialdetectionstages[12].

13Using the Wilcoxon Matched-Pair Signed-Ranktestat the 5% level. (see
[16] for discussionof theusageof this test.)

14Using theTREC-8scoringprocedure,(non-news portionsareassumedir-
relevant),all TREC-9SUrunsperformedbetterthanthecorrespondingSNruns.

Transcriptions ShortQ. TerseQ.
Comm. Reject ID AveP R-P AveP R-P
TREC-9 72.8h r1 50.82 51.69 48.64 51.08
comm2 96.4h s1 50.72 51.91 49.79 49.59

72.8h b1 48.21 49.25 48.31 49.07
manual 113.9h r1 51.18 52.75 49.37 51.46
comms 126.6h s1 50.97 52.07 50.18 50.33

(ndxfile) 113.9h b1 48.28 48.66 49.16 49.71

no loud 111.2h s1 47.92 49.60 47.29 47.93
no nb 127.4h s1 46.39 48.52 45.56 46.20
no wb 450.1h s1 7.69 11.26 8.08 11.29

no male 347.9h s1 25.25 30.02 25.28 30.64
no female 229.6h s1 32.59 37.33 31.74 36.69

Table13: Effectof includingnon-lexical informationfor TREC-
8 queries. (s1 reject times include time removed in TREC-8
commercialdetectionandsegmentationstages.)

trendis roughlylinear, with thebestAvePto time-retainedratio
being0.163%AveP/hrwhenremoving all malespeakers,whilst
theworst is 0.120%AveP/hrwhenremoving femalespeakers.
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Figure7: Effectof removing datausingnon-lexical information
on TREC-8queriesfor s1 transcriptions.

7. THE STORY-KNOWN (SK) CONTRAST RUN

TheSK systemwassimilar to theSU systemdescribedin sec-
tion 4. Thecommercial-removal, window-generationandpost-
mergingstageswereno longernecessary, sincetheknown story
boundariesdefinedthedocumentsin thecollection,but therest
of thesystemremainedpracticallyunaltered.

Documentexpansionwas performedin the sameway as de-
scribedin section4.2.2except that the pseudo-queryfor each
documentwasdefinedasthe100termsfrom thedocumentwith
the lowest collection frequency. Different valuesof 2 and 3
were investigatedfor the documentexpansionstage,but there
provedto be little differencebetweenthe results,so the values
of 25476�898 :�3;4=<�8 werechosento becompatiblewith [28].

UBRF wasperformedasdescribedin section4.2.1,using the
un-expandeddocumentfile to expandthequerywhichwasthen



runontheexpandeddocumentfile, andthevaluesof >@?BA C D EGF!?H C I wereretainedfor all retrieval stages.Resultsfor varyingthe
expansionparametersin theUBRF stagefor theSK systemare
illustratedin Figures8 and 9 for the short and terseTREC-8
queriesandaresummarisedin Table14.
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Figure8: Effectof QueryandDocumentExpansiononTREC-8
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Figure9: Effectof QueryandDocumentExpansiononTREC-8
tersequeries,SK case,s1 transcriptions.

The inclusion of documentexpansionimproved performance
acrossbothdevelopmentquerysetsandall 3 transcriptions,with
thelargestimprovementswhenthelevelof queryexpansionwas
low tomoderate.Thisconsistentimprovementwasnotfoundfor
theSUcase.Thedifferenceis thoughtto bebecausethepseudo-
queriesfrom windowingfor theSUcasemaybemulti-topic,and
cannotbeaslongasfor theSK case,sincethewindowsmustbe
keptsmall(e.g.around30s)to obtainacceptableperformance.

Thevaluesof J5?7K�E.LM?ON9N werechosenfor theUBRFstagefor
the SK run to give goodperformanceacrossbothdevelopment
querysetswhenusedin conjunctionwith documentexpansion.
Theamountof queryexpansionfor theSK casewasthuschosen
to belessthanthatusedfor theSU casebecauseof theinterac-
tion betweenthequeryanddocumentexpansiondevices.

The SK resultson the TREC-9evaluationqueriesaregiven in
Table15. Sincethis useda subsetof the dataandhencealso

DocExp QryExp ShortQ TerseQ
Tr. t r t r AveP R-P AveP R-P
s1 - - - - 46.29 45.85 45.67 44.53
s1 - - 8 22 57.41 55.89 54.31 51.31
s1 - - 12 26 59.11 57.14 54.04 50.65
s1 200 10 - - 50.76 49.42 52.91 51.67
s1 200 10 8 22 60.06 57.62 57.48 55.15
s1 200 10 12 26 60.21 56.84 56.48 54.88
r1 - - - - 48.19 47.69 47.44 46.28
r1 - - 8 22 58.17 57.73 54.63 53.19
r1 200 10 - - 51.65 52.27 53.65 53.76
r1 200 10 8 22 59.04 57.31 56.95 56.20
b1 - - - - 43.31 43.32 43.17 41.86
b1 - - 8 22 55.19 54.10 53.04 50.52
b1 200 10 - - 49.56 48.94 50.86 49.46
b1 200 10 8 22 58.18 55.69 55.88 54.20

Table14: Interactionof QueryandDocumentExpansiononSK
taskfor TREC-8queries.

ShortQueries TerseQueries
SK SK SU SK SK SU

ID AveP R-P AveP AveP R-P AveP
r1(a) 49.60 47.05 — 52.68 49.26 —
s1(a) 49.47 47.83 — 51.94 50.26 —
b1(a) 48.31 47.38 — 50.44 48.85 —
r1(b) 47.44 45.74 40.04 50.99 48.20 44.02
s1(b) 46.42 44.93 38.83 49.18 48.40 42.99
b1(b) 46.55 46.52 37.08 48.56 47.62 40.75

Table15: Comparisonof TREC-9SK andSU results.(a) is on
the21,754storysubset,whilst (b) is on all the data,to allow a
fairercomparisonwith theSU case.

a differentrelevancefile to theSU case,anotherSK run across
all the datawasperformedto allow a moredirect comparison
betweenSK andSU cases.

Although our SU-SDRsystemhasbeenimproved by around
20% relative15 sincethe TREC-8evaluation[12], and the gap
betweenSK andSU hasbeenreducedfrom 14% AvePto 8%,
therestill remainsa considerableperformancegapbetweenthe
SK andSU cases.

8. CONCLUSIONS

This paperhasdescribedwork carriedout at CambridgeUni-
versity for theTREC-9SDRevaluation.Theexperimentscon-
firmed that the relative degradationof AveragePrecisionwith
increasingrecognisererror rate is gentle,andperformanceon
high-qualityASRtranscriptionscanbeasgoodasthatonaman-
ually transcribedreference.

Standardindexing techniquesand Okapi-weightingprovide a
goodbaselinesystemandaddingqueryexpansionusingtheunion

15ComparingAvePfor s1 onTREC-8shortqueries



of the testanda contemporaneousparallelnewswirecollection
increasesperformancefurther. Includingawindowing andpost-
retrieval recombinationstrategy allows goodperformanceeven
when no story boundariesare known in advance. Document
expansion,which previously hasbeenfound to work well for
the SK case,wasextendedto the SU framework andshown to
improve performancefor small to moderatelevelsof queryex-
pansion.

Non-lexical informationderiveddirectly from theaudio,which
would not normallybetranscribed,canbeusedto improve real
SDR systems. Audio repeatscan accuratelypredict the pres-
enceof commercials,which canbefilteredout beforeretrieval,
andsomebroadcaststructureinformationcanbe recoveredby
analysingcuessuchasbandwidth,signalenergy andthe pres-
enceof musicin theaudio. Browsingandunderstandingcould
alsobeimprovedby includingtagssuchassentenceboundaries
andspeaker turns. Optimally integratingnon-lexical informa-
tion within real SDR systems,using larger databasesand in-
cludingotherinformationsuchasvideodataprovideinteresting
challengesfor thefuture.
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