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ABSTRACT

This paperdescribes spolendocumentetrieval systemgcombin-
ing the ABBOT large vocalulary continuousspeechrecognition
(LVCSR) systemdevelopedby CambridgeUniversity, Shefield
UniversityandSoftSoundandthePRISEinformationretrieval en-
ginedevelopedby NIST. Thesystemwasconstructedo enableus
to participatein the TREC 6 Spolen DocumentRetrieval experi-
mentalevaluation. Our key aimsin this work wereto producea
completesystemfor the SDR task, to investigatethe effect of a
word errorrateof 30-50%o0n retrieval performancendto invest-
igate the integration of LVCSR and word spottingin a retrieval
task.

1. INTRODUCTION

The areaof spolen documentretrieval, incorporatingcontinuous
speeclrecognitionandinformationretrieval, is startingto receve
considerablattention[1, 2]. This paperdescribes spolendocu-
mentretrieval system,combiningthe ABBOT LVCSR systemde-
velopedby CambridgeUniversity, Shefield University and Soft-
Sound,andthe PRISEinformationretrieval enginedevelopedby
NIST. The systemwas constructedo enableus to participatein
the TREC6 Spolen DocumentRetrieval experimentakvaluation.
Thesystemallowedusto transcribea corpusof spolendocuments
atthewordlevel usingABBOT, andto index theresultingtext tran-
scriptionsusingPRISE.

The LVCSR systemusesa recurrentnetwork-basedacoustic
model(with noadaptationio differentconditions)}rainedonthe50
hourBroadcasNews trainingset,a65,000word vocahulary anda
trigramlanguagenodelderivedfrom BroadcasNewstext. Words
in querieswhich wereout-of-vocalulary (OOV) wereword spot-
tedatquerytime (utilizing the posteriophoneprobabilitiesoutput
by the acousticmodel),addedto the transcriptionof the relevant
documentsandthe collectionwasthenre-indexed. We generated
pronunciationgt run-timefor OOV wordsusingthe Festval TTS
system(University of Edinturgh).

Our key aimsin this work wereto producea completesystem
for theSDRtask to investigateheeffectof aword errorrateof 30-
50% on retrieval performancendto investigateheintegrationof
LVCSRandword spottingin a retrieval task. To achieve this we
performedfour basicexperimentsindexing on: transcribedext;
baselineecognizeSRT filessuppliedoy NIST; ABBOT SR files;
andABBOT SRT filescombinedvith word spottingof OOV words
in thequery

This evaluationprovided a stresgestfor our LVCSR system.
In particularwe developedour decodingalgorithmand software
to operatein a more “online mode”. The resultof this was the
ability to decodearbitrarily long passagesvithout sggmentation
into “utterances”. Whenindexing, acousticmodel computation
requiredaround3.5x realtime on a SunUltra 1/170,andlexical
searchrequiredaround2.5x realtime. At querytime the word
spottingcomponentran in about0.25x real time per document
perquery
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2. SYSTEM ARCHITECTURE

Theoutline of the basicsystemis illustratedin figure 1. The AB-
BOT LVCSR systemwas usedto provide approximatetranscrip-
tions of the audiodocumentsso that the task could be treatedas
oneof text retrieval. Sincethe currentABBOT systemusesa fi-
nite vocahulary of around65,000words,a query-timeword spot-
ter wasincorporatedo allow wordsthatwere OOV with respect
to theLVCSRsystemto beretrieved.

Broadcast LVCSR Text Indexing nd
Speech Transcripts naex
Query Wordspotting

Figure1: Theindexing portion of the THISL Spolen Document
Retrieval systemusedin TREC-6.

3. THE ABBOT LVCSR SYSTEM

ABBOT is a hybrid connectionisttHMMsystem[3] that differs

from traditional HMMs in that the posteriorprobability of each
phonegiventhe acousticdatais directly estimatecht eachframe,
ratherthanthe likelihood of a phone(or state)modelgenerating
the data. This posteriorprobability estimationis achieved by us-

ing a connectionishetwork trainedas a phoneclassifier In the

ABBOT system,a recurrentnetwork [4] is usedas the acoustic
model. Direct estimationof the posteriorprobability distribution

using a connectionisinetwork is attractive sincefewer paramet-
ersarerequiredfor the connectionismodel (the posteriordistri-

bution is typically lesscomple thanthe likelihood)andconnec-
tionist architecturesnale very few assumption®n the form of

thedistribution. Additionally, this approactallows for anefficient

searchalgorithmthat usesa posteriorprobability-basegruning

(section3.3) [5] andis ableto provide usefulacousticconfidence
measurefs].

Sincethe likelihoodis requiredin the decodingprocessthe
posterioris corvertedto a scaledlikelihood, L(x;q). This may
be computedby dividing the posteriorprobability estimateof the
phone(or HMM state)q giventhe datax, by the classprior P(q)
estimatedastherelative frequeng in thetrainingdata:

L(x,q) = Pl

_ p(xa)

Pl@) ~ p) @)

The assumptionsinderlyingthis acousticmodelare discussedn
detailin [3, 7].



3.1. Acoustic Moddl

Theacoustianodelusedin the THISL systemconsistedf two re-
currentnetworkswith 53 context-independenphoneclassegplus
silence). One network estimatedhe phoneposteriorprobability
distribution for eachframegivenasequencef 12thorderpercep-
tual linear predictionfeatureg[8]. The othernetwork performed
the samedistribution estimatiorwith featurepresentedh reverse
order(sincerecurrentnetworks aretime-asymmetricandthe two
probability estimatesvereaveragedn thelog domain.

Thecontet independerprobabilityestimate$(q|x) werecom-
binedwith a context classposteriorprobability P(c|q,x), wherec
is anacousticcontet class,to give the joint posteriorprobability
of context classand phoneclass,P(q,c|x) = P(q/x)P(c|g,X) [9,
10]. The contet classeswere estimatedusing a decisiontree
algorithm and the contet classposteriorwas estimatedusing a
singlelayernetwork for eachphoneclass.A total of 604 context-
dependenphonemodelswere used. This systemis describedn
greatedetailin [11].

Theacoustianodelsweretrainedby a Viterbi trainingproced-
ure usingthe BroadcasiNews acoustictraining dataat all focus
conditions.

3.2. Language Model

The systemuseda 65,532word vocahulary preparedy selecting
the80,000mostfrequentwordsfrom the broadcashews text data
andremoring misspellings processingerrors,etc. A bacled-of

trigram languagemodelwas built from the BroadcastNews text

data(132million words),resultingin testsetperpleities typically

in therange200-300.

3.3. Search

The TREC/SDRevaluationprovided a stresgestfor our recogni-
tion system sinceit involved performingLVCSR over the broad-
castarchie (around39 hoursof speech)with some“segments”
of speechup to one hour long. We have extendedthe NowAY
start-synchronoudecoder{12], to operatein an “online” mode,
decodingarbitrarily long stream=f speechwithout an additional
CPUor memoryburden.

NoOwAY is basedon a stackdecoderframewvork and exploits
theacoustiomodelposteriorprobability estimationin an effective
pruningtechniquereferredto as phonedeactvation pruning[5].
Thissinglepassalgorithmis naturallyfactorednto time synchron-
ousstate-leel processingandtime asynchronousvord-level pro-
cessingThisenableshesearcho bedecoupledromthelanguage
model.Incrementabutputof themostprobabldinal transcription
is possibleowing to thetreestructuringof thesearcrandthedom-
inationof languagenodelequialentpaths.

In this evaluation,usingposteriomprobabilitybasedphonede-
activation pruning, the usualbeampruning and a unigram lan-
guagemodelapproximatiorat the statelevel we wereableto de-
codethe evaluationbroadcasarchive with anaverageof lessthan
1,500modelevaluationgperframe(correspondingo aruntime of
lessthan6x realtime onaSunUltra 1/170).

4. THE PRISE INFORMATION RETRIEVAL ENGINE

Version2.0 of the PRISEsystem[13] wasusedastheinformation
retrieval enginefor this experiment. PRISEcompareghe simil-
arity of adocumento a queryby summingthe weightsof all the
matchingterms. Theweightsarecalculatedusinganinversedoc-
umentfrequeng measureThe systemwasusedassuppliedwith
no modificationsandthe standard®RISEstoplist of 23wordsand
the SMART stemmingalgorithmwereused.

5. RAPID WORD SPOTTING USING POSTERIOR
PROBABILITIES

CSR systemscan only recognizewords which are containedin
theirlexicon. Althoughthe ABBOT systemusedfor theseexperi-
mentshada 65k word vocahulary, approximatelyl % of thewords
in thetestsetwereout of vocalulary (OOV).

This raisesa potential problem at the information retrieval
stage:infrequentwordsare potentiallyimportantduring retrieval
but suchwordsaremostlikely to be OOV. This could have a de-
leteriouseffect on performance.To counteracthis, a rapid word
spottingmodulewasaddedo the systemto try andfind any OOV
querywords.

The querieswerescannedor OOV words. Any OOV words
for which pronunciationglid not exist were sentto an automatic
pronunciatiorgeneratousingtheletterto-soundulesin the Fest-
ival speectsynthesisysteny14].

Theword spottingmoduleusedthe contet-independenpos-
terior probability estimatesrom the recurrentnetwork acoustic
model, dynamically constructingword modelsfor target words
and using a set of looped phonegarbagemodels. Any spotted
words were addedinto the appropriatesectionof the speectre-
cognitiontranscription. The transcriptionswvere then re-indexed
andthestandardetrieval procedurdollowed!.

In the event, the only OOV word in thetestquerieswvas‘CIA’
(ABBOT treatseachletter of an abbreiation asa separatevord
andwasthus expectingC. I. A.). Furthermoreno instancef
it werefound by the word spottingmodule (becauseét treatedit
asa word ratherthana string of letters). Consequentlythe word
spottingmodulehadnoimpacton systenperformanceluringthis
experiment.

6. THE TREC 6 SPOKEN DOCUMENT RETRIEVAL
EXPERIMENT

The TREC 6 Spolen DocumentRetrieval (SDR) experimentwas
designedo compardlifferentcombination®f speechrecognition
andinformationretrieval systems.The taskwasto retrieve a set
of spolen documentswvhich were the tamgetsof 49 text queries.
Thespolendocumentsvereneans itemsfrom the BroadcasNews
corpus.Thetestsetconsisteaf 85 differentbroadcastsubdvided
into 1451 differentsectiongdocuments) comprising39 hoursof
speechThetestdocumentsangedn durationfrom onesecondo
36 minutesin lengthwith anaverageof 96 seconds.

In responséo a query eachsystemhadto producea ranked
list of documentsvhich couldthenbe scored.Two scoringmeas-
ureswereused:ExpectedRunLengthandMeanReciprocal.

ExpectedRun Lengthis simply the meanrank at which the
targetdocumentsverefoundacrosshe 49 queries:

E- %iiri 2)

whereN is the numberof queriesandr; is therankat which doc-
umenti wasretrieved. During the experiment,if adocumentvas
notfoundin thefirst 1000,it wasassigned scoreof 2000. Good
systemperformancas reflectedby alow ExpectedRunLength.
Mean Reciprocalis the meanof the reciprocalof the rank at
which thetargetdocumentsverefoundacrosghe49 queries:

1N

10bviously, this techniquecould not be usedon a large corpusor in a
practicalsystemput it canhelpto give anindicationof theimportanceof
OOV words

2Sometypesof itemwerenotusedn theexperimentg.g. commercials,
weatherforecastssportsandlocal news.




The MeanReciprocaimeasuréhasan advantageover Expec-
tedRunLengthasit minimizesthedifferencebetweeradocument

retrieved in 100" positionand oneretrieved in 350" — neither
positionwould bemuchgoodin practicalterms— whilstemphas-
izing theimportanceof gettingalow retrieval rank. MeanRecip-
rocal rangeshetween0 and 1 anda good systemperformancas
reflectedby a highvalue.

The experimentconsistedof four differentrunsin which in-
dexing wasperformedntext transcription®f thebroadcastsSRT
files from a baselineecognizesuppliedby NIST, SRT files from
ABBOT, andthe ABBOT SRT filesaugmenteavith theresultsrom
word spottingof OOV querywords. For the reasonsutlinedin
section5, the two ABBOT runs producedidentical results. The
transcribedext run enableccomparison$o be madewith respect
to a perfectspeechrecognizer The baselinerecognizetranscrip-
tions were provided essentiallyto enablelR labswith no speech
recognitioncapabilityto participatein theexperimentput alsofa-
cilitated analysisof the contritution madeby the speectrecogni-
tion componento the overall system.

7. EXPERIMENTS

7.1. Speech Recognition Performance

We appliedthe ABBOT systemto the SDR test data, consisting
of around50 hoursof BroadcastNews, of which around39 hours
neededo berecognizedTablel shavstheworderrorrate(WER)
for thisdataset,brokendown into the sevenfocusconditions.

Tablel: ABBOT Performancet the BroadcastNews FocusCon-
ditions
[ Focus | Description [ WER |

FO BaselineBroadcasGpeech 24.9%
F1 SpontaneouBroadcasBpeech 43.2%
F2 SpeecH TelephoneChannels 50.8%
F3 Speech BackgroundVusic 49.4%
F4 SpeecH DegradedAcousticConditions | 35.5%
F5 Speecl Non-Native Speakrs 36.3%
FX All otherspeecl{combinations) 55.7%
[ - [ Overal [ 40.1%

We estimatethe relative searcherror (introducedby pruning)
to bearound15%. This wasvery muchabaselinesystem— only
datafrom the FO conditionwasusedfor training, andno attempt
wasmadeto segmentoutnon-speeciportions(e.g.,music)result-
ing in anincreasedwumberof insertions.

7.2. IR Performance

We comparedhe performanceof the systemusing the supplied
transcript,the suppliedoutputof the baselinerecognizerandthe
outputof the ABBOT recognizer Theseresultsaresummarizedn

table2.

Table2: Resultsusingthe PRISEIR System

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

Wehave analysedhelR performancevith respectotheWER
andthefocusconditions.Figure2 shavs a scattermplot of retrieval

rank versusWER for the baselineand ABBOT recognizersising
PRISEfor the 49 retrieved target sections.The plot suggestshat
thereis agoodchanceof obtainingalow retrieval rankif the WER
of thetargetsectionis lessthanabout40%.
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Figure2: Meanreciprocalretrieval performance/s. WER.
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Figure3: Meanreciprocalretrieval performancers. WER.

Figure3 graphghemearreciprocaretrieval performanceagainst

the WER for both recognizers.Also plotted are the cumulatve
WER distributionsfor eachrecognizerin this casethe WER was
usedasa rejectionthreshold andonly thosedocumentgandcor
respondingqueries)with a WER belav thatthresholdwere con-
sidered. For the ABBOT system,about65% of documentshad
a WER of 40% or less,and usingthosedocumentghe meanre-
ciprocalrankingfor retrieval wasaround0.75. The ROC curves
reinforcethe messagef the scatterplot: thatperformanceéegins
to fall sharplyif the WER of thetargetdocuments over 40%.
Figure4 graphghe meanreciprocalrankingagainsthe WER
for tamget sectionscontainingspeecHargely from the FO and FX
focus conditions(twelve of each). It shavs a similar pictureto
Figure3: retrieval performancés goodwhenWER is belov 40%,
above this figure it begins to deteriorate. Most of the FO target
sectionshadlow WER resultingin anoverall meanreciprocalffig-



THISL System: ROC Curves of Mean Reciprocal versus Word Error Rate for FO and FX Focus Conditions
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Figure 4: Mean reciprocalretrieval performancevs. WER for
THISL systenmfor targetsectionsat FO andFX focusconditions.

ure of 0.8whereasomeof the FX targetsectionshadhigh WER
contributing to anoverall meanreciprocalffigure of 0.6.

8. CONCLUSION

Our principal goal in this evaluationwasto develop a working

spolendocumentetrieval system,andto apply our recognizeto

tensof hoursof broadcasspeectdata.We have succeedeth this

objective. Futurework will involve developmentof IR methodo-
logiesfor spolendocumentetrieval (ratherthantreatingtheprob-
lem astext retrieval andusingan “out-of-the-box”system)andto

furtherimprove the speechrecognitioncomponent.
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