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ABSTRACT

This paperpresentavork doneat CambridgeUniversity for the
TREC-9 Spoken DocumentRetrieval (SDR) track. The CU-
HTK transcriptiongrom TREC-8with Word Error Rate(WER)
of 20.5%wereusedin conjunctionwith stopping,Porterstem-
ming, Okapi-styleweightingand queryexpansionusinga con-
temporaneousorpusof newswire. A windowing/recombination
stratgly was appliedfor the casewherestory boundariesvere
unknown (SU) obtaininga final resultof 38.8%and43.0%Av-
eragePrecisionfor the TREC-9shortandtersequeriesrespec-
tively. Thecorrespondingesultsfor thestoryboundarie&nown
runs (SK) were 49.5%and 51.9%. Documentexpansionwas
usedn the SK runsandshownn to alsobebeneficiafor SUunder
certaincircumstancesNon-lexical informationwasgenerated,
which althoughnot usedwithin the evaluation, should prove
usefulto enrichthetranscriptionsn real-world applications Fi-
nally, crossrecogniselexperimentsagainshaved thereis little
performancalegradationasWER increaseandthus SDR now
needsew challengesuchasintegrationwith videodata.

1. INTRODUCTION

With theever-increasingamountof digital audiodatabeingpro-
duced|t is becomingncreasinglyimportantto beableto access
the information containedwithin this dataefficiently. Spoken
DocumentRetrieval (SDR) addresseshis problemby requir
ing systemsto automaticallyproducepointersto passages a
largeaudiodatabasevhich arepotentiallyrelevantto text-based
gueries.Thesystemsaareformally evaluatedwithin TRECusing
relevanceassessmentsroducedby humanswho have listened
to the audio betweenpreviously establishednanually-defined
“story” boundaries A transcriptiongeneratednanuallyis also
providedfor areferenceunto giveanapproximateaipperbound
on expectedperformance.

The naturalway to allow easyindexing and henceretrieval of
audioinformationis to representheaudioin atext formatwhich
can subsequentlype searched.One suchmethodis to repre-
sentthe speeclpresenin the audioasa sequencef sub-word

* Now SueTranter Dept. of EngineeringScience,Oxford, OX1 3PJ,UK :
sue. trant er @ng. ox. ac. uk

xx Now at Laboratoire d’'Informatique de I'Universite d'Avignon :
pierre.jourlin@ia.univ-avignon.fr

units suchas phones;generatea phonesequencdor the text-
basedjuery;andthenperformfuzzy matchingbetweerthetwo.
(seee.qg.[4, 17]) Thefuzzy phone-le&el matchingallows flexi-
bility in the presencenf recognitionerrorsand out of vocalu-
lary (OOV) querywordscanpotentiallyfind matchesHowever,
this approachstill requiresa methodof generatingphonese-
guencedrom the querywords (usuallya dictionary);it cannot
easilyusemary standardext-basedapproachessuchas stop-
ping and stemming;and performanceon large scalebroadcast
news databasesuchasthoseusedwithin the TREC-SDReval-
uationsis generallypoor[§.

With therecentimprovementsn the performanceandspeedof
large vocahulary continuousspeechrecognition(LVCSR) sys-
tems,it is possibleto producereasonablyaccuratenord based
transcriptionsof the speechwithin very large audio databases.
This allows standardext-basedapproacheso be appliedin re-
trieval, andmeansghata real usercould easilybrowsethetran-
scriptsto get an idea of their topic and hencepotentialrele-
vancewithout needingto listen to the audio. (seee.qg.[27]).
Theinclusionof alanguagenodelin the recognisegreatlyin-
creasedhe quality of the transcriptionsover the phone-based
approachandthe overall performanceof word-basedsystems
hasoutperformedtherapproache all previous TREC-SDR
evaluations[8]. OOV wordsdo not currently seemto present
asignificantproblemprovidedthatsuitablecompensatorynea-
suresareemployed[28] androlling languagemodelshave been
investigatedseee.q.[3]) asawayto adaptto changingvocalu-
lariesasthe audioevolves.

Several methodsto compensatdor the errorsin the automati-
cally generatedranscriptionshave beendevised. Most of these
usea contemporaneoutext-basednews-wire corpusto try to
addrelevantnon-erroneousvordsto the query(e.g.[1, 12]) or
documentge.g.[22, 23, 12]) althoughotherapproachearealso
possible(e.g. the machine-translatioapproachn [5]). These
methodshave proven very successfukven for high error rate
transcriptiong16], sothefocusof SDR hasgenerallyswitched
to trying to copewith continuousaudio streams,in which no
“document’boundariesiregivent. Thisstory-boundary-unkown
(SU) taskis the mainfocusof the TREC-9SDR evaluation.

10r atleastwheretopic boundariesrenot availablewithin theglobalbound-
ariesof anewscast.



Ouroverallapproachnvolvesgeneratingaword-level transcrip-
tion anddividing it into overlapping30 secondong windows.
Standardtopping stemmingandOkapi-weightingareuseddur-
ing retrieval with queryexpansiorfrom acontemporaneousaws-
wire collection,beforemergingtemporallyclosewindowsto re-
ducethe numberof duplicatesretrieved.

ThispaperdescribesheCambridgdJniversitySDRsystenused
in the TREC-9 SDR evaluation. Sectionsl.1 and 1.2 describe
thetasksanddatafor theevaluationin moredetail. Theproblem
of extractingnon-lexical informationfrom the audiowhich may
behelpfulfor retrieval and/orbrowsingis addresseth section?2
andthe transcriptionsusedare describedn section3. Devel-
opmentfor the SU runsis givenin section4, with resultsfrom
thefinal systenonall transcriptionandquerysetsgivenin sec-
tion 5. The effectsof usingnon-lexical informationin retrieval
areinvestigatedn section6 anda contrastfor the casewhere
storyboundaryinformationis known (SK) is givenin section?.
Finally conclusionsareofferedin section8.

1.1. Description of TREC-9 SDR Tasks

The TREC-9SDRevaluation[6] consistef two tasks.For the

mainstory-boundary-unkown (SU) task,the systemwasgiven

justtheaudiofor eachnews episodge.g.entirehourlong news-

casts)andhadto producea ranked list of episode:timestamps
for eachtext-basedjuery Thescoringprocedurenvolvedmap-
ping thesestampsto manually definedstory-IDs, with dupli-

catehits beingscoredasirrelevant, andthencalculatingPreci-
sion/Recalin theusualway?.

Thetwo differencedrom thistaskto the TREC-8SDRSU eval-

uationtask[8, 12] arefirstly that for TREC-9, all the audio
wasjudgedfor relevance(includinge.g. commercialspndsec-
ondly thatnon-lexical information(suchasthe bandwidth/gen-
der/spealer-ID, or thepresencef musicetc.)thatwasautomat-
ically detectedby the speectrecognitionsystemcould be used
in additionto theword-level outputat retrieval time. A contrast
run (SN) wasrequiredwithout the useof the non-lexical infor-

mation,if it hadbeenusedwithin the SU run,to allow theeffect

of this additionalinformationto be seen.

Anothercontrastrun wheremanually-definedtory boundaries
were provided (SK) allowed the degradationfrom losing the
story boundaryinformationto be evaluated. This is the same
asthe primary taskin the TREC-8 SDR evaluation. Siteshad
to run on their own transcriptiongs 1), a baselineprovided by
NIST (b1) andthemanually-generateferencer 1)3.

1.2. Description of Data

Theaudiodatafor thedocumentollectionwasthe sameasthat
usedin the TREC-8SDR evaluation,namely502 hours("4.5M
words) from 902episode®f Americannewvsbroadcasbetween

2precisionand Recallwere calculatedwith respecto whole stories,rather
thanamorenaturalpassage-basexpproactfor logistic reasons.
3Seesection3 for moredetails.

FebruaryandJunel998inclusive. The SK runstook a subsebf
~3.8M wordsdividedinto 21,754manuallydefined“stories” to
give anaveragedocumentengthof “170words.

The queriesusedfor development (TREC-8) and evaluation
(TREC-9)aredescribedn Table1l. Two setsof querieswere
used, namely short (correspondingo a single sentence)and
terse(approximately3 key words). Thequerysetscorresponded
to the sameoriginal informationneedsandthusthe samerele-
vancejudgementsvereusedin both cases.The introductionof
tersequerieswasnew for TREC-9,andwasintendedto model
the keyword-type query usedin mary WWW searchengines.
Sincetherewere no existing tersedevelopmentqueries,terse
formsof the TREC-8querieswete developedin houseandthus
are notthe sameasthoseusedby othersites.

Dev (TREC-8) | Eval (TREC-9)
Num. Queries 49 50
Ave. # Wordsin Query 13.6(s)2.4(t) | 11.7(s)3.3(1)
Ave. # Distinct TermsperQ| 6.6(s)2.3(1) 5.6(5)2.9(t)
Ave. # RelDocs 37.1 44.3

Tablel: Propertieof queryandrelevancesets.(s=shottt=terse)

The contemporaneouparallel text corpususedfor query and
documentexpansionconsistedf 54k newswire articles( 36M
words)from Januaryto Junel998. Althoughsignificantlysmaller
thanthatusedby someothersites(e.g. 183karticlesin [24]), in
previouswork we foundthatincreasinghe parallelcorpussize
to approximatelyl10k articlesdid not help performanceg16].
The corpus,summarisedn Table 2, consistedof the (unique)
New York Times(NYT) and20%of theAssociatedPres{APW)
articlesfrom the TREC-8 SDR Newswire dataenhancedvith
somel A Times/WashingtorPost(LATWP)storiesandwasevenly
distributedoverthewholetime period.

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

Table2: Descriptionof the Parallel Corpus.
2. GENERATING NON-LEXICAL INFORMATION

Audio containsmuchmoreinformationthanis capturedsimply
by transcribingthe wordsspolen. For example, theway things
aresaid, or who saidthemcanbe critical in understandingli-
alogue,andmary non-speeclevents(suchasmusic,applause,
suddennoises,silenceetc.) may also help the listenerfollow
whatwasrecorded. Currentspeechrecognisersan automati-
cally recognisamary of thesethings,suchasthe spealer ID or
gender(e.g.[13]) andthe presencef music,noiseandsilence
etc. (e.g.[21]), but the speech-recognition-transcripti¢8RT)
formatusedin the SDR evaluationsdoesnot supporttheinclu-
sion of suchadditionalinformation. For TREC-9a new Se&y-
mentationDetectionTable (SDT) file was allowed [6], which
representedariousaudiophenomendound during recognition
in atext-basedormatwhich could be usedatretrieval time.



Therearetwo mainusegor suchnon-lexicalinformation,namely
toincreaseetrieval performancendto helpnavigation/bravsing
in real SDR applications. The TREC-9 SDR evaluationonly
allowed the former to be properly evaluated,but the latter is
equallyimportantin realworld applicationsandtagsshouldnot
bethoughtto beirrelevantjustbecaus¢hey werenotusedin the
retrieval stageof the system[18].

Non-lexical informationcanbe usedto help SU retrieval in two
mainways. Firstly someinformationaboutbroadcasstructure
including potentiallocationsof commercialsand story bound-
ariescanbepostulatedrom audiocuessuchasdirectly-repeated
audio sections,changesn bandwidth/speadr or the meanen-
ergy in the signal. Secondlypropertiessuchasthe presencef
music, backgrounchoiseor narrovbandspeechcanbe usedto
identify portionsof transcriptionwhich arepotentiallylessreli-
ablethannormal.

Table 3 shaws the tagsgeneratedwhilst the next sectionex-
plains how thesewere producedand section6 discussegheir
effectonretrieval performance.

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

Table3: Non-lexical tagsgeneratedor TREC-9.

2.1. Segment, Gender, Bandwidth and Nospeech

Thefirst stageof our speectrecognitionsystemconsistsof an
audio segmenter Initially the datais classifiedinto wideband
speech, narravband speechor pure music/noise, giving the
bandw dt h andnospeech tagsrespectiely. The labelling
procesausesGaussiammixture modelsandincorporatesVLLR

adaptationA genderdependenphonerecognisers thenrunon
the data,andthe smoothedgyender changepointsandsilence
pointsareusedin the final sgmentationhencegeneratinghe
segment tags.More detailscanbefoundin [12] and[11].

2.2. Energy

Signalenegy canhelpto indicatethe presenc®f commercials.
Theaveragenormalisedog enegy (NLE)* for the TREC-7and
JanuaryTDT-2 data, given in Table 4, shaws thatin general
commercialdhave a highermeanenegy 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: Averagenormalisedog-enegy for TREC-7and Jan-

uary TDT-2 datafor Stories FillersandCommercials.

4NLE is relatedto the dB from the maximumenegy in the episodeby:
In10 * dB =10 * ( 1 - NLE)

By windowing the audio and comparingthe NLE for each5s
window to a threshold,it is possibleto generatea crudeindi-

cator of where commercialsmight be occurring. Imposinga
minimum lengthrestrictionon the postulateccommercialscan
beusedto reducethefalsealarmrate. Table5 showvs theresults
of applyingsucha systemon the development(JanuaryTDT-

2) andtest (TREC-9) data. Whilst the methoddoespick out
relatively more commercialshan news stories,it is not accu-
rateenoughin itself to be usedduringretrieval, andwould need
to be combinedwith othercuesfor morereliable commercial
identification. Tagswere generatedising a thresholdof 10dB
(NLE=-1.3), but thesewerenot usedin the retrieval systemfor

thereasommentioned.

6 |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

-1.320s| 9.5@0.2| 15.6@4.1 (23.0@1.3

a) Developmentdata(JanuaryT DT-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: Percentag@aon-story@ story rejectionwhenusinga
threshold g, on the normalisedog enegy for 5swindows, in-
cludingrestrictingthe minimumlength,ml.

2.3. Repeat and Commercial

Direct audiorepeatd(i.e. re-broadcastsyvere found usingthe
techniquedescribedn [14], by comparingall the audio(across
the entire5 months)from eachbroadcasterCommercialavere
postulatedn a similar way to thatdescribedn [12], by assum-
ing that sgmentswhich had beenrepeatedseveral timeswere
commercialandthatno news portionof lessthansomesmooth-
ing lengthcould exist betweerthem. Table 6 shaws the results
from applyingthe parametesetusedn theevaluation(C-E) and
alessconsenrativerun (C-2) asa contrast.The numberdor our
TREC-8commerciadetectiorsystemaregivenfor 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 and percentagef non-stories@ stories
rejectedusingboththe TREC-8andTREC-9commerciadetec-
tion systemawith alessconsenrative C-2 run for comparison.

Detectionperformancaevith thisstratey is veryimpressve, with
over half theadwertsbeingidentifiedfor negligible lossof news
content.Remaring thesepostulateccommercialsautomatically
beforeretrieval wasearliershovn notonly to reduceheamount
of processingnecessarhut alsoto significantlyimprove perfor
manceon the TREC-8 data[15]. The improvementfrom the



TREC-8to the TREC-9commercialdetectionsystemis dueto
the changein ruleswhich allows both segmentsfor ary given
matchto be notedwithin the SDT file®.

3. TRANSCRIPTIONS
3.1. sl Transcriptions

Thetranscriptionsisedfor ours 1 runswerethosewe generated
for the1999TREC-8SDRevaluation.A summaryof thesystem
is shawvn in Figure 1 and a detaileddescriptioncan be found
in [12]. Thesystemranin 13xRT® andgave a Word Error Rate
(WER) of 15.7% on the November1998 Hub4 eval dataand
20.5%o0n the 10-hourscoringsubsebf the TREC-8data.

’ Coding into MFCC and PLP ‘

’ Elimination of Commercials }% 42.3hrs commercials

’ Segmentation and Classificatio}n% 34.2 hrs music/silence
J/Segment List NB/WB F/M labels

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) o
adapted 3-phone, 108k, 4-gram LM (Cuhtk)-s1 transcriptions

Figurel: Systemusedto generatdranscriptions.

3.2. Other Available Transcriptions

Manually generatectlosed-captiortranscription$ were avail-
ablefor the storieswithin the SK part of the evaluationfrom
TREC-8[8]. Word-level time stampsfor theseportionswere
producediy LIMSI usingforcedalignmentafter sometext nor-
malisation.Referencdranscriptionsverealsomadefor there-
maininguntranscribegortionsof thedataby NIST usingROVER
on the available TREC-8 ASR transcriptiong7]. The subse-
guentreference 1 wasthusconsiderablydifferentto the corre-
spondingsetof referencaranscriptiongor TREC-8.

Additional transcriptionswere madeavailable for the TREC-
9 SDRruns. The baselinecasedrom TREC-8 SDR produced
by NIST usingthe BBN Rough’N’Readyrecognisel{3] were
re-releasedavith b1 from TREC-8becomingcr - ni st 99b1,

5In TREC-8,the commercialdetectionwas donepre-recognitiorin an on-
line manneii.e. you couldnotaddinformationaboutpasteventsretrospectiely.

60naPentiumlil 550MHzprocessorunningLinux.

Closed-captiortranscriptionsoften use paraphrasesr summarieshence
giving a significantWER.

whilst b2 from TREC-8becamethe baselinebl1 for TREC-9.
The TREC-8transcriptionsfrom Shefield [2] and LIMSI [9]

werere-releaseadscr - shef - s1 andcr -1 i nsi - s1, whilst
both sitesprovided new (higher quality) transcriptionsnamed
cr-shef-s2 [2] andcr-1i nsi - s2 [10] respectiely. The
WER for thesesetsof transcriptionson the 10hr TREC-8scor

ing subsebf thecorpusareshovn in Table7.

Recogniser | Corr. | Subh | Del. | Ins. | WER
ri 919 25| 56| 22| 103
(cuhtk-)s1 824 14.0| 3.7| 29| 205
cr-limsi-s2 82.1| 14.2| 3.7| 33| 21.2
cr-limsi-s1 82.0| 14.6| 34| 35| 215
cr-cuhtk99-pl| 77.3| 185| 4.2| 3.9| 26.6
bl 76.5| 17.2| 6.2| 3.2| 26.7
cr-nist99bl 75.8| 17.8| 6.4| 33| 275
cr-shef-s2 746| 20.0| 54| 3.8| 29.2
cr-shef-s1 719 220| 6.1| 39| 320

Table7: WER on TREC-810 hourscoringsubsebf eval. data.

4. SUDEVELOPMENT

4.1. TheBasic System

The basicframawork for the SU system,shavn in Figure 2,

= cuhtk99-p1 transcriptions is similar to our TREC-8system[12]; but it doesnot enforce

boundariesat proposedcommercialbreaks,it usesa different
methodof performing query expansionand is simplerin not
having part-of-speechyuery weighting, semanticposetindex-
ing or parallelcollectionfrequeng weighting.

transcriptions non-lexical info parallel corpug

1) normalise text
2) preprocess
3) index

add index files |

{

) o 1) normalise text
window recombination 2) preprocess

final ranked list

Figure2: Framavork for the SU system.

1) remove commercials
2) window by time

3) preprocess

4) index

‘ retrieval M query—expansio

!

Thetranscriptionsverefirst filtered, removing all wordswhich
occurredwithin periodslabelledascommrer ci al in the non-
lexical file (seesection2.3). Windows of 30slengthwith an
inter-window shift of 15swerethengeneratedo divide up the
continuousstreamof transcriptions.



Text-normalisationwas appliedto the query and parallel cor-
pusto minimisethe mismatchbetweenthe ASR transcriptions
and the text-basedsources. Preprocessingncluding mapping
phrasesand somestemmingexceptions,punctuationremoval,
stopword removal and stemmingusing Porters algorithm, for
all documentandqueries.The stoplistincludednumberssince
somedevelopmenexperimentsuggestethisincreasegerfor
manceslightly.

The retrieval enginewas similar to that employed in TREC-
8 [12], usingthe sum of the combined-weight§CW) [20] for
eachquerytermto give the scorefor ary givendocument.For
all runs,thevalueof K usedin the CW formulawas1.4, whilst
b wassetto 0.6 whenstory boundaryinformationwas present
(e.g. whenusingthe parallelcorpus)or 0 whenno document-
lengthnormalisationwvasnecessarye.g. on the windowedtest
collection). The inclusionof both queryand documentexpan-
sionbeforethefinal retrieval stageis discussedhn section4.2.

The final recombinatiorstagepooledall windows which were
retrieved for a given query which originatedwithin 4 minutes
of eachotherin the sameepisode. Only the highestscoring
window wasretainedwith the othersbeingplacedin descend-
ing order of scoreat the bottomof the ranked list. Although
thismeanghattemporallyclosestoriescannotbedistinguished,
we assumehattheprobabilitythattwo neighbouringstoriesare
distinctbut are both relevantto the samequeryis lessthanthe
probabilitythey arefrom the samestorywhich drifts in andout
of relevance.Althoughalternatve, moreconserative stratgjies
arealsoin use(seee.g.[2]), this stratgy proved effective in
developmenexperimentg15].

4.2. Document and Query Expansion
4.2.1. QueryExpansion

Blind RelevanceFeedbackBRF)wasusedo expandthequeries
prior to thefinal retrieval stagewithin our TREC-8system12].
The implementatiorof query expansionusedfor TREC-9 dif-
fersfrom thisin two mainways. Thefirst concernavhich index
filesto usefor the expansion andthe seconchow to weightthe
guerytermsafterthe expansionstage.

In previous work we ran blind relevancefeedbackfirst on the
parallelcorpusonly (PBRF),followedby anotherunonthetest
corpusalone(BRF) beforethe final retrieval stage(e.g. [12]).
The ideabehindthis ‘double’ expansionwasto usethe larger
parallelcorpuswhich containecknowledgeof storyboundaries
andhadno transcriptionerrors,to addrobustly relatedtermsto
thequerybeforerunningthe standardRF techniqueonthetest
collection.Includingbothstage®f BRFwasfoundto behelpful
to performancg16]. However, we have foundit very sensitve
to the numberof termsadded ¢, andnumberof documentsas-
sumedrelevant,r, for eachstage Recentwork hasusedasingle
stageof query expansionon the union of the parallelandtest
collections(UBRF) beforethe final retrieval stage[28]. This
givessimilar resultsbut is lesssensitve to the valuesof ¢ andr

choserandhencewasusedin the TREC-9system.

The methodof addingandre-weightingtermsduring queryex-
pansiorwaschangedrom TREC-8to follow the specifications
givenin [25] and[26] morestrictly. All termswererankedusing
their Offer Weights(OW), but only thosewhichdid notoccurin
the original querywere then consideredas potentialtermsfor
expansion.Thefinal matchingscorewasobtainedby usingthe
MS-RW formula as describedon page798 of [26]. Unlike in
previous years,both the original termsandthe nen expanded
termswerereweightedusingtheir RelevanceWeight (RW).

4.2.2. Documengxpansion

Whilst documengexpansiorhasbeenshowvn to be beneficialfor
the casewherestory boundariesareknown [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-queryor eachwindow containingmore
than10 differentterms,consistingof eachdistinctterm

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

3. Findthetopt expansiortermswith thehighesitOffer Weight
from thetopr documents

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

Experimentssaryingthe valuesof ¢ andr shovedthatthe best
performancevasobtainedfor ¢t = 100, = 15 for the TREC-8
queries. This document-gpandedndex file wasthenusedfor
thefinal retrieval stagealongwith the queriesgeneratedefore
documenexpansion.

4.2.3. Results

Theresultsfrom includingqueryanddocumenexpansiorwithin
the SU systemon TREC-8 queriesare summarisedn Table 8
andgraphicallyillustratedin Figures3 and4.

Whenthereis noqueryexpansiondocumenexpansionincreases
meanaverageprecisionby 25% and15%relative for shortand
tersequeriesrespectiely. For moderatequery expansion(e.g.
t < 8), documenexpansionis beneficiafor bothshortandterse
queries but this advantagedisappearssthe level of queryex-
pansionincreasesAlthoughthe bestresultfor theshortqueries
is obtainedwhenincludingdocumenexpansion(51.72%vs
51.53%),the bestperformanceor the tersequeriesis consid-
erablyworsewhenincluding documentexpansion(47.65%vs
50.56%)andthusit wasnotincludedin thefinal system.

Thevaluesof ¢t = 20,r = 26 werechoserfor the UBRF stage
despitethe fact that they were not optimal for eitherthe short
or thetersequeries sincethey providedmoreconsistenperfor
manceacrosshedifferentquerysets.
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Figure3: Effectof QueryandDocumentExpansioron TREC-8
shortqueriesfor SU taskon s 1 transcriptions.

t=23,r=27,AveP=50.56
t=20,r=26,AveP=50.02 _

doc-exp, t=8,r=20
18 AveP=47.65 no doc

expansion

25 30

Figure4: Effectof QueryandDocumentExpansioron TREC-8
tersequeriesfor SUtaskons1 transcriptions.

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 | 5153 | 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 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 Queryand DocumentExpansionon SU
taskons1 transcriptions.

4.3. Changing the Window Skip

Recenwork at Shefield [19] suggestethatincreasingheover-
lap betweenwindows by decreasinghe skip during window
generationcould help improve performance. A contrastrun

with their lower skip time wasthus madeto seeif this would
have helpedour system.Theresults givenin Table9, shav that
this would not have beenbeneficialto our systemwhich usesa
significantlydifferentmethodof final window recombinatiorio
thatusedin Shefield’s system.

ShortQueries
AveP | R-P

51.15 | 51.77
48.35| 50.27

TerseQueries
AveP | R-P

50.02 | 49.79
47.25| 48.67

Windowing System
length30s,skip 15s
length30s,skip 9s

Table9: Effect of reducingthe skip sizein window generation
for s1 transcriptiondor SU TREC-8queries.

4.4. Summary

Thusto summariseafter our trials with the TREC-8 queries,
our TREC-9 SU evaluation systemusedwindowing, filtering

of potentialcommercialsrelatively simpleindexing, querybut

not documentexpansion,standardOkapi weighting and post-
retrieval merging. The query expansionwas performedon the
unionof thetestandthe paralleltext collections.

5. THE FINAL TREC-9 SU SYSTEM

Theresultsusingthe TREC-9evaluationSU systemon all tran-
scriptionsaregivenin Tables10 and 11 for the (development)
TREC-8and(evaluation)TREC-9querysetsrespectiely, whilst
therelationshipbetweerperformanceandWER is illustratedin
Figure5.

Transcriptions ShortQ. TerseQ.
ID | WER | AveP | R-P | AveP | R-P
ri 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-limsil 21.5 | 48.75| 49.42 | 47.47| 48.09
cr-cuhtk99pl| 26.6 | 49.34| 50.92 | 47.18| 47.88
bl 26.7 | 48.08| 48.92| 48.17| 48.89
cr-nist99bl 27.5 | 48.37| 49.05| 47.86| 48.36
cr-shef2 29.2 | 48.30| 50.42| 47.69| 47.45
cr-shefl 32.0 | 46.91| 48.75| 46.55| 47.38

Table 10: Cross-recogniseresultsfor (development)TREC-8
queriesusingthe TREC-9SU evaluationsystem.

Theresultsconfirmtheconclusiongrom earlierworkin SDR[8],
thatthe declinein performanceasWER increasess fairly gen-
tle (-0.17%A/eP/%WERonN averagehere). Therelative degra-
dationwith WER for the TREC-9and TREC-8shortqueriesis
almostidentical (-0.21 vs -0.20 %AveP/%WER) shaving that
this fall-off is not query-sespecifi®.

8TREC-8tersequerieshave a slightly differentdegradation put weregener
atedin housewith differentpeopleandrestrictionsto thosefor TREC-9.



Transcriptions ShortQ. TerseQ.
ID | WER | AveP | R-P | AveP | R-P
rl 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-limsil 215 | 36.56| 38.57| 40.19| 43.68
cr-cuhtk99pl| 26.6 | 37.26| 39.49 | 40.44| 42.92
bl 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-shefl 32.0 | 36.44| 38.96| 39.58| 42.42

Table11: Cross-recogniseesultsfor the TREC-9SU eval.

TREC-8-Short
TREC-8-Terse
TREC-9-Terse
TREC-9-Short

54
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Figure5: RelationshipbetweenVER andAvePfor the TREC-9
systemon TREC-8andTREC-9queries.Theellipsesrepresent
2 standard-deation points.

The performanceon the TREC-8(development)queriesis sig-
nificantly higherthanthaton the TREC-9 (evaluation)queries.
Thismaybein partdueto threereasonspamely

1. The parametersveretunedfor the TREC-8queries,and
maythusbe sub-optimafor the TREC-9queries.

2. All commercialsand“filler” portions(e.g. thosewhich
summarisestoriescomingup) werealsoevaluatedor rel-
evancein TREC-9,whereaghey wereassumedtr elevant
for TREC-8.Overthe 50 TREC-9queriestherewere93
instance®f theseportionsbeingscoredasrelevant. Since
our systemtriesto remove portionssuchastheseby auto-
matically removing commercialdbeforeretrieval andbi-
asingthe post-processingowardsremoving fillers®, the
new relevanceassessmenmrocedurenay have detrimen-
tally affectedour score.

3. Naturalvariationin querydifficulty may have meantthe
TREC-9querieswere“harder” thanthe TREC-8ones®.

9By finding only the mostrelevant portionswithin a shorttemporalspanin
eachepisode.

10For ther 1 run,we got <10%AvePfor 8 TREC-9shortqueriesput only 3
TREC-8shortqueries.

To investigatepoint 2 further, the TREC-9runswerere-scored
usingthe TREC-8procedurewhich assumedall non-navs por-
tionswereirrelevant. ThisincreasediveragePrecisiorby 1.9%
onaveragefor thebl, s1 andr 1 runsfor bothquerysets.This
is partly becauseur SU systemtriesto filter out the non-nevs
portionsbeforeretrieval.

Thenumberof relevantstoriesfrom eachepisoddor eachquery
wascountedto investigatethe validity of the assumptiormade
during post-processinghat the probability of a given episode
containingmorethanonerelevant story for a given querywas
small. Theresultsllustratedin Figure6 show that72%of all the
relevantstoriesare uniqueto their episodeandquery but there
remainsthe potentialto increaseperformanceby altering the

post-processingtraty to allow moretemporallyclosedistinct
hitst?.
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Figure 6: Numberof relevant “stories” from eachepisodefor
eachTREC-9query.

The expansionparametersvere chosenso that the resultsfor

theterseandshortTREC-8queriesweresimilar, meaningsub-
optimalvalueswere choserwhenconsideringthe shortqueries
alone Whencomparedo the (similar) systemfrom Shefield,

whoseparametersierechoserbasedolelyontheshortqueries

we do morepoorly on averagefor the short-queryruns,but our
resultsarebetterfor all tersequeryruns[19].

In addition, the parametergs = 17,7 = 18 which gave the
bestperformanceon the short developmentqueries,give bet-
terperformancenthe TREC-9shortqueriegAveP=39.38%n
s1), butworseonthetersequerieAveP=42.78%ns1). This
suggestshatthe choiceof parametershouldtake the expected
testquerylengthinto accountandthatperformanceverawide
rangeof querieamightbeincreasedf the expansionparameters
weremadeto befunctionsof querylength.

1For example, q153 has 5 relevant “stories” from the episode
199805282000210QPRLTWD, with start times: 235/371/810/1594/1711
secondsbut post-processingneiging 4-minuteportionsmeansa maximumof
3 couldberetrieved usingthis stratgy.



6. THE EFFECTSOF USING NON-LEXICAL
INFORMATION

As mentionedn sectionl.1, non-lexical informationautomat-
ically derived from the audio could be usedwithin retrieval in
the TREC-9 evaluation. Thus, as discussedn section2, we
generatednformationfor segnent , gender, bandwi dt h,
nospeech, (high-)ener gy,r epeat andcommer ci al tags
directly from theaudio.

For the SU systemwe usedthecomer ci al tagsto filter out

wordsthoughtto have originatedin commerciabreaks but we

madeno useof theothertags. Thusfor ourrequiredSN contrast
run, we ran the SU systemwithout filtering out the commer

cials’?. As canbe seenfrom Table12, aswell asreducingthe

amountof dataprocessindpy aroundl3%,filtering outcommer

cialsimproved performanceéyy a small, but statisticallysignifi-

cant® amounton bothsetsof developmentgueriesacrossall 3

transcriptiongr 1, s1, b1). FortheTREC-9evaluationqueries
only thes1-t erse andr 1-t er se comparisonsverestatis-
tically significant4.

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-rl | 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-bl| 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-rl | 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-bl| 65.8h | 37.08| 39.91| 40.75| 43.87

Table12: Effect of automaticallyremaving commercialgSU).

Contrastrunswerealsoperformedon the developmentqueries
usingthelessconserativecom?® systemandthemanuabound-
ariesderived from the SK case.As canbe seenfrom Table13
using eitherof thesewould have resultedin little differencein
performancdor our own transcriptions(nonesignificantat the
2%level.)

Otherexperimentswererun for fun on the TREC-8 queriesto
seethe effect of removing variouspartsof the audiousingthe
non-lexical information,suchashigh-enegy regions,or partic-
ular bandwidth/gendesegments. The resultsare givenin Ta-
ble 13 for the s1 transcriptionsand plottedin Figure7. The

12Note that the s1 transcriptionsalreadyhad 76.2hrsof audio filtered out
from the TREC-8segmentatiorandcommercialdetectionstageg12].

13ysing the Wilcoxon Matched-Rir Signed-Rankestat the 5% level. (see
[16] for discussiorof theusageof this test.)

14Using the TREC-8scoringprocedure(non-nevs portionsare assumedr-
relevant),all TREC-9SU runsperformedoetterthanthecorrespondingNruns.

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

72.8h | bl | 48.21| 49.25| 48.31| 49.07

manual | 113.9h| rl | 51.18| 52.75| 49.37 | 51.46
comms | 126.6h| s1 | 50.97| 52.07 | 50.18 | 50.33
(ndxfile) | 113.9h| bl | 48.28 | 48.66 | 49.16 | 49.71
noloud | 111.2h| sl | 47.92| 49.60| 47.29 | 47.93
nonb 127.4h| sl | 46.39| 48.52| 45.56 | 46.20
nowb 450.1h| s1 | 7.69 | 11.26| 8.08 | 11.29
nomale | 347.9h| s1 | 25.25| 30.02 | 25.28 | 30.64
nofemale | 229.6h| s1 | 32.59| 37.33| 31.74| 36.69

Tablel3: Effectof includingnon-lexical informationfor TREC-
8 queries. (s1 rejecttimesincludetime removedin TREC-8
commerciadetectiorandsegmentatiorstages.)

trendis roughlylinear, with the bestAvePto time-retainedatio
being0.163%AveP/hrwhenremoving all malespealers,whilst
theworstis 0.120%AeP/hrwhenremoving femalespealers.
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Figure7: Effect of removing datausingnon-lexical information
on TREC-8queriesfor s1 transcriptions.

7. THE STORY-KNOWN (SK) CONTRAST RUN

The SK systemwassimilar to the SU systemdescribedn sec-
tion 4. The commercial-remeal, window-generatiorand post-
melging stagesvereno longernecessarysincethe known story
boundarieglefinedthe documentsn the collection,but therest
of thesystemremainedoracticallyunaltered.

Documentexpansionwas performedin the sameway as de-
scribedin section4.2.2 exceptthat the pseudo-queryor each
documentvasdefinedasthe 100termsfrom thedocumentwith

the lowest collection frequeng. Different valuesof ¢ and r

were investigatedor the documentexpansionstage,but there
provedto belittle differencebetweerthe results,sothe values
of t = 200, = 10 werechoserto becompatiblewith [28].

UBRF was performedas describedn section4.2.1, usingthe
un-expandeddocumentfile to expandthe querywhichwasthen



runontheexpandediocumentile, andthevaluesofb = 0.6, k =
1.4 wereretainedfor all retrieval stagesResultsfor varyingthe
expansionparameterin the UBRF stagefor the SK systemare
illustratedin Figures8 and9 for the shortandterseTREC-8
gueriesandaresummarisedn Table14.

/ t=12,r=26, AveP=60.21

1=8,r=22,AveP=60.06

15

Figure8: Effectof QueryandDocumentExpansioron TREC-8
shortqueries SK cases 1 transcriptions.

t=8,r=22,AveP=57.48
t=12,r=26,AveP=56.48

Figure9: Effectof QueryandDocumentExpansioron TREC-8
tersequeries SK cases1 transcriptions.

The inclusion of documentexpansionimproved performance
acrosdothdevelopmentjuerysetsandall 3 transcriptionsyith
thelargestimprovementavhenthelevel of queryexpansionvas
low to moderateThisconsistenimprovementasnotfoundfor
theSU case.Thedifferences thoughtto bebecaus¢hepseudo-
gueriesrom windowing for the SU casemaybemulti-topic,and
cannotbeaslong asfor the SK case sincethewindows mustbe
keptsmall(e.g.around30s)to obtainacceptablg@erformance.

Thevaluesoft = 8,r = 22 werechoserfor the UBRF stagefor
the SK run to give good performanceacrossboth development
guerysetswhenusedin conjunctionwith documenexpansion.
Theamountof queryexpansiorfor the SK casewasthuschosen
to belessthanthatusedfor the SU casebecausef theinterac-
tion betweerthe queryanddocumengxpansiondevices.

The SK resultson the TREC-9evaluationqueriesare givenin
Table 15. Sincethis useda subsetof the dataand hencealso

DocExp | QryExp ShortQ TerseQ

Tr. | t r t r AveP | R-P | AveP | R-P

sl | - - - - 46.29 | 45.85| 45.67 | 44.53
sl | - - 8 | 22| 57.41| 55.89| 54.31| 51.31
sl | - - 12| 26 | 59.11| 57.14 | 54.04 | 50.65
sl | 200 | 10| - - 50.76 | 49.42| 52.91| 51.67
sl | 200|108 | 22| 60.06| 57.62| 57.48 | 55.15
sl | 200| 10| 12| 26 | 60.21 | 56.84 | 56.48 | 54.88
|- - - - 48.19| 47.69 | 47.44| 46.28
i - - 8 | 22| 58.17| 57.73| 54.63| 53.19
ri | 200| 10| - - 51.65| 52.27 | 53.65| 53.76
ri | 200| 10| 8 | 22 | 59.04 | 57.31| 56.95| 56.20
bl | - - - - 43.31| 43.32| 43.17| 41.86
bl | - - 8 | 22| 55.19| 54.10| 53.04 | 50.52
bl | 200| 10| - - 49.56 | 48.94 | 50.86 | 49.46
bl | 200| 10| 8 | 22| 58.18| 55.69 | 55.88 | 54.20

Table14: Interactionof QueryandDocumentExpansioron SK
taskfor TREC-8queries.

ShortQueries TerseQueries
SK SK SuU SK SK SuU
ID | AveP| R-P | AveP | AveP | R-P | AveP
ri(a) | 49.60| 47.05| — | 52.68| 49.26| —
sl(a) | 49.47| 47.83| — | 51.94| 50.26| —
bl(a) | 48.31| 47.38| — | 50.44| 48.85| —
ri(b) | 47.44| 45.74| 40.04 | 50.99 | 48.20 | 44.02
sl(b) | 46.42| 44.93| 38.83| 49.18| 48.40| 42.99
bl(b) | 46.55| 46.52 | 37.08 | 48.56| 47.62| 40.75

Table15: Comparisorof TREC-9SK andSU results.(a) is on
the 21,754story subsetwhilst (b) is on all the data,to allow a
fairercomparisorwith the SU case.

adifferentrelevancefile to the SU case anotherSK run across
all the datawas performedto allow a more direct comparison
betweerSK andSU cases.

Although our SU-SDR systemhas beenimproved by around
20% relative'® sincethe TREC-8 evaluation[12], andthe gap
betweenSK and SU hasbeenreducedirom 14% AvePto 8%,
therestill remainsa considerablgerformanceyapbetweerthe
SKandSU cases.

8. CONCLUSIONS

This paperhasdescribedwork carriedout at CambridgeUni-
versity for the TREC-9 SDR evaluation. The experimentscon-
firmed that the relative degradationof AveragePrecisionwith
increasingrecognisererror rate is gentle,and performanceon
high-qualityASRtranscriptionganbeasgoodasthatonaman-
ually transcribedeference.

Standardindexing techniquesand Okapi-weightingprovide a
goodbaselinesystemandaddingqueryexpansiorusingtheunion

15ComparingAvePfor s1 on TREC-8shortqueries



of the testanda contemporaneouysarallelnevswire collection
increaseperformancdurther. Includingawindowing andpost-
retrieval recombinatiorstratey allows good performancesven

when no story boundariesare known in advance. Document
expansion,which previously hasbeenfound to work well for

the SK case wasextendedto the SU framewvork andshavn to

improve performancdor smallto moderatdevels of queryex-

pansion.

Non-lexical informationderiveddirectly from the audio,which
would not normally be transcribedcanbe usedto improve real
SDR systems. Audio repeatscan accuratelypredict the pres-
enceof commercialswhich canbefiltered out beforeretrieval,
and somebroadcasstructureinformationcan be recoveredby
analysingcuessuchas bandwidth,signalenegy andthe pres-
enceof musicin the audio. Browsing andunderstandingould
alsobeimprovedby includingtagssuchassentencéoundaries
and spealer turns. Optimally integratingnon-lexical informa-
tion within real SDR systems,using larger databasesnd in-
cludingotherinformationsuchasvideodataprovide interesting
challengedor thefuture.
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