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1. INTRODUCTION

The THISL spolen documentretrieval systemis basedon
the ABBOT Large Vocahulary ContinuousSpeectRecogni-
tion (LVCSR) systemdevelopedby CambridgeUniversity,
Shefield UniversityandSoftSoundandusesPRISE(NIST)
forindexingandretrieval. We participatedn full SDRmode.

Our approachwasto transcribethe spolen documents
at the word level using ABBOT, indexing the resultingtext
transcriptionusing PRISE.The LVCSR systemusesa re-
currentnetwork-basedacousticmodel (with no adaptation
to different conditions)trained on the 50 hour Broadcast
News training set,a 65,000word vocatulary anda trigram
languaganodelderivedfrom BroadcastNews text. Words
in querieswhich wereout-of-vocalulary (OOV) wereword
spottedat querytime (utilizing the posteriorphoneprob-
abilities outputby the acousticmodel), addedto the tran-
scriptionsof therelevantdocumentsandthe collectionwas
thenre-indexed. We generatecronunciationsat run-time
for OOV wordsusingthe Festval TTS system(University
of Edinkurgh).

Ourkey aimsin this evaluationwereto producea com-
plete systemfor the SDR task, to investigatethe effect of
a word error rate of 30-50%o0n retrieval performanceand
to investigatethe integrationof LVCSR andword spotting
in aretrieval task. To achieve this we performedfour basic
experimentsindexing on: transcribedext; IBM (baseline
recognizer)SRT files; ABBOT SRT files; and ABBOT SRT
files combinedwith word spottingof OOV wordsin the
query

This evaluation provided a stresstestfor our LVCSR
system.In particularwe developedour decodingalgorithm
andsoftwareto operaten a more“online mode”. Theres-
ult of thiswastheability to decodearbitrarilylong passages
without segmentationinto “utterances”. When indexing,
acoustianodelcomputatiorrequiredaround3.5x realtime
on a SunUltra 1/170, and lexical searchrequiredaround
2.5x realtime. At querytime theword spottingcomponent
ranin about0.25x realtime perdocumenperquery
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2. SYSTEM ARCHITECTURE

The outline of thebasicTHISL systemis illustratedin fig-

ure 1. The ABBOT LVCSR systemwas usedto provide

approximateranscriptionsof the audiodocumentso that
thetaskcould be treatedasone of text retrieval. Sincethe

currentABBOT systemusesa finite vocalulary of around
65000 words, a query-timewordspotterwas incorporated
to allow wordsthatwere OOV with respecto the LVCSR

systemto beretrieved.
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Figurel: Theindexing portionof the THISL SpolenDoc-
umentRetrieval systemusedin TREC-6.

3. THE ABBOT LVCSR SYSTEM

ABBOT is ahybrid connectionist/HMMsysterm 1] thatdif-
fersfrom traditionalHMMs in thatthe posteriomprobability
of eachphonegiventhe acousticdatais directly estimated
ateachframe ratherthanthelik elihoodof aphone(or state)
modelgeneratinghe data.This posteriomprobabilityestim-
ationis achiezed by usinga connectionishetwork trained
asaphoneclassifier In the ABBOT systemarecurrennet-
work [2] is usedasthe acousticmodel (figure 2). Direct
estimationof the posteriorprobability distribution usinga
connectionisnetwork is attractve sincefewer parameters
arerequiredfor the connectionistnodel(the posteriordis-
tribution is typically lesscomplec thanthe likelihood)and
connectionistarchitecturesnake very few assumption®n
theform of thedistribution. Additionally, this approachal-
lows for an efficient searchalgorithmthat usesa posterior



probability-basedruning (section3.3) [3] andis able to
provide usefulacousticconfidenceneasure].

Sincethelikelihoodis requiredin thedecodingprocess,
the posterioris convertedto a scaledlikelihood, L(x; Q).
This may be computedby dividing the posteriorprobabil-
ity estimateof phone(or HMM state)q giventhedatax, by
the classprior P(q) estimatedasthe relative frequeng in
thetrainingdata:

L(xq) = 1)

The assumptionainderlying this acousticmodel are dis-
cussedn detailin [1, 5].
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Figure2: Recurrennetwork architecturausedfor acoustic
modellingin the hybrid connectionist/HMMapproach.

3.1. Acoustic Model

Theacousticnodelusedin the THISL systemconsistedf

two recurreninetworkswith 53 contet-independenphone
classeqplus silence). One network estimatedthe phone
posteriomprobability distribution for eachframegivenase-
guenceof 12thorderperceptualinearpredictionfeatureg6].
The othernetwork performedthe samedistribution estima-
tion with featuregpresentedh reverseorder(sincerecurrent
networks aretime-asymmetricandthe two probability es-
timateswereaveragedn thelog domain.

The contet independenprobability estimategP(q|x))
were combinedwith a contect classposteriorprobability
P(c|g,x), wherec is an acousticcontext class,to give the
joint posteriorprobability of context classandphoneclass,
P(q,c|x) = P(q|x)P(c|q,x) [7, 8]. Thecontet classesvere
estimatedusing a decisiontree algorithm and the context
classposteriorwas estimatedusinga single layer network
for eachphoneclass. A total of 604 contet-dependent

phonemodelswereused.Thissysterris describedn greater
detailin [9].

The acousticmodelsweretrainedby a Viterbi training
procedureusingthe 50 hoursof BroadcasfNews acoustic
trainingdatafrom all focusconditions.

3.2. Language M odél

The systemuseda 65,532word vocahulary preparedy se-
lecting the 80,000mostfrequentwordsfrom the broadcast
news text dataand removing misspellings,processinger-
rors, etc. A bacled-of trigram languagemodelwas built
from theBroadcasNewstext data(132million words),res-
ulting in testsetperpleitiestypically in therange200-300.

3.3. Search

The TREC/SDRevaluationwasa stresgestof our recogni-
tion system sinceit involved performingLVCSR over the

broadcastrchive (around35 hoursof speech)with some
“segments”of speechup to onehourlong. We have exten-
dedthe NOwAY start-synchronoudecode10], to operate
in an “online” mode, decodingarbitrarily long streamsof

speechwithoutanadditionalCPUor memoryburden.

NowaAY is basedn a stackdecoderframenork andex-
ploits theacoustiomodelposteriomprobabilityestimationin
an effective pruningtechniquereferredto as phonedeac-
tivation pruning [3]. This single passalgorithmis natur
ally factoredinto time synchronousstate-l&el processing
andtime asynchronouword-level processingThisenables
the searchto be decoupledrom the languagemodel. In-
crementabutputof the mostprobablefinal transcriptionis
possibleowing to thetreestructuringof the searchandthe
dominationof languagemodelequivalentpaths.

In thisevaluation,usingposteriomprobabilitybasegphone
deactvationpruning,theusualbeampruningandaunigram
languagemodel approximationat the statelevel we were
ableto decodethe evaluationbroadcasarchive with anav-
erageof lessthan1,500modelevaluationsper frame(cor-
respondingo aruntime of lessthan6x realtime ona Sun
Ultra 1/170).

4. INFORMATION RETRIEVAL ENGINE

Version2.0 of the PRISEsystem[11] wasusedasthe in-
formationretrieval enginefor this evaluation. The system
was usedas suppliedwith no modifications. The standard
PRISEstoplist of 23 wordsandthe SMART stemmingal-
gorithmwereused.



5. RAPID WORD SPOTTING USING POSTERIOR
PROBABILITIES

CSRsystemganonly recognizevordswhicharecontained
in theirlexicon. Althoughthe ABBOT systenusedfor these
experimentshada 65k word vocahulary, approximatelyl%
of thewordsin thetestsetwereout of vocalulary (OOV).

This raisesa potentialproblemat the information re-
trieval stageinfrequentvordsarepotentiallyimportantdur-
ing retrieval but suchwordsaremostlikely to be OOV and
thus could have a deleteriouseffect on performance. To
counteracthis, a rapid word spotting module was added
to the systento try andfind any OOV querywords.

The querieswere scannedor OOV words. Any OOV
wordsfor which pronunciationslid notexist weresentto an
automatigoronunciatiorgeneratousingtheletterto-sound
rulesin the Festival speectsynthesisystem12].

Thewordspottingmoduleusedthe context-independent
posteriorprobability estimatefrom the recurrentnetwork
acousticmodel,dynamicallyconstructingvord modelsfor
targetwordsandusinga setof loopedphonegarbagenod-
els. Any spottedwords were addedinto the appropriate
sectionof the speechrecognitiontranscription. The tran-
scriptionswere then re-indexed and the standardretrieval
procedurdollowed..

In theevent,theonly OOV wordin thetestquerieswas
‘CIA’ (ABBOT treatseachletterof anabbreviationasasep-
arateword andwasthusexpectingC. I. A.). Furthermore,
no instancef it werefound by the word spottingmodule
(becauset treatedit asa word ratherthana string of let-
ters).Consequentlytheword spottingmodulehadno effect
on systemperformanceluringthis experiment.

6. EXPERIMENTS

6.1. Speech Recognition Performance

We appliedthe ABBOT systemto the SDR testdata,con-
sisting of around50 hoursof BroadcastNews, of which
around35 hoursneededo be recognized. Table 1 showvs
the word error rate (WER) for this dataset, broken down
into the sevenfocusconditions.

We estimateherelativesearclerror(introduceddy prun-
ing) to be around15%. This was very much a baseline
systemwhich madeno attemptto adaptto differentfocus
conditions,or to sggmentout non-speeciportionsfrom the
documentge.g.,musicalinterludes)to reducethe number
of insertions.

10Obviously, this techniquecould not be usedon a large corpusor in a
practicalsystembut it doesgive anindicationof the importanceof OOV
words

Tablel: ABBoOT Performanceatthe BroadcasNews Focus
Conditions

| Focus| Description | WER |
FO | BaselineBroadcasBpeech 24.9%
F1 | SpontaneouBroadcasSpeech 43.2%
F2 | Speech TelephoneChannels 50.8%
F3 | Speech BackgroundMusic 49.4%
F4 | Speech DegradedAcousticConditions| 35.5%
F5 | Speech Non-Native Spealers 36.3%
FX | All otherspeeci{combinations) 55.7%

| - | Overall | 40.1%]

6.2. IR Performance

We comparedhe performancef the systemusingthe sup-
plied transcript,the suppliedoutputof the baselinerecog-
nizerandtheoutputof the ABBOT recognizerTheseresults
aresummarizedn Table2.

Table2: TREC SDRResultsfor PRISEIR System

Transcription MeanRank | MeanReciprocal
Reference 11.59 0.6236
BaselineRecognizer]  30.43 0.5062
ABBOT LVCSR 27.82 0.5784

Dueto a problemwith someof the BaselineRecognizer
transcriptionstwo of the(87) broadcasthadto beexcluded
from the final analysis. Omitting thesesectionsfrom the
excludedbroadcastat the indexing stage(ratherthanre-
maving them after the searchstage)producedresultsthat
differedby lessthan2% from our submittedresults. Also
someof the queriesuseda slightly differentformatto that
expecteddy our system.Changingormatsagainresultedn
aminimal changeo the systenperformance.

WehaveanalysedhelR performancevith respectothe
WER andthefocusconditions.Figure3 shavsascatteplot
of retrieval rank versusWER for the baselineand ABBOT
recognizersisingPRISEfor the49retrievedtargetsections.
The plot suggestshatthereis a goodchanceof obtaininga
low retrieval rank if the WER of the target sectionis less
thanabout40%.

Figure4 graphsthe meanreciprocalretrieval perform-
anceagainstthe WER for both recognizers.Also plotted
arethe cumulatve WER distributionsfor eachrecognizer
In this casethe WER wasusedasarejectionthresholdand
only thosedocumentgand correspondingjueries)with a
WER below thatthresholdvereconsideredForthe ABBOT
systemabout65%o0f documentfiadaWER of 40%or less,
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Figure3: Documentetrieval rankvs. WER.

andusingthosedocumentshe meanreciprocalrankingfor
retrieval was around0.75. The ROC curvesreinforcethe
messag®f the scattemlot: thatperformancéeginsto fall
sharplyif the WER of thetargetdocuments over 40%.

Figure5 graphghe meanreciprocalrankingagainsthe
WER for tamgetsectionontainingspeecHargely from the
FO and FX focus conditions(twelve of each). It shavs a
similar pictureto Figure 4: retrieval performancds good
whenWER s below 40%,above thisfigureit beginsto de-
teriorate.Most of the FO target sectionshadlow WER res-
ulting in anoverallmearreciprocafigureof 0.7986whereas
someof the FX targetsectionshadhigh WER contrikbuting
to anoverallmeanreciprocalfigure of 0.6031.

7. CONCLUSION

Ourprincipalgoalin this evaluationwasto developawork-
ing spokendocumentetrieval systemandto applyour re-
cognizerto tensof hoursof broadcasspeectdata.We have
succeedeth thisobjective. Futurework will involve devel-
opmentof IR methodologiesor spolendocumentetrieval
(ratherthan treatingthe problemas text retrieval and us-
ing an “out-of-the-box”system)andto furtherimprove the
speechrecognitioncomponent.
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THISL System: ROC Curves of Mean Reciprocal versus Word Error Rate for FO and FX Focus Conditions
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Figure5: THISL system:mearreciprocaketrieval performance's. WER for tagetdocumentsat FOandFX focusconditions.



