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ABSTRACT

Thispaperdescribesaspokendocumentretrieval system,combin-
ing the ABBOT large vocabulary continuousspeechrecognition
(LVCSR) systemdevelopedby CambridgeUniversity, Sheffield
UniversityandSoftSound,andthePRISEinformationretrieval en-
ginedevelopedby NIST. Thesystemwasconstructedto enableus
to participatein theTREC6 Spoken DocumentRetrieval experi-
mentalevaluation. Our key aimsin this work wereto producea
completesystemfor the SDR task, to investigatethe effect of a
word errorrateof 30-50%on retrieval performanceandto invest-
igate the integration of LVCSR and word spottingin a retrieval
task.

1. INTRODUCTION

The areaof spoken documentretrieval, incorporatingcontinuous
speechrecognitionandinformationretrieval, is startingto receive
considerableattention[1, 2]. This paperdescribesa spokendocu-
mentretrieval system,combiningthe ABBOT LVCSRsystemde-
velopedby CambridgeUniversity, Sheffield University andSoft-
Sound,andthe PRISEinformationretrieval enginedevelopedby
NIST. The systemwasconstructedto enableus to participatein
theTREC6 SpokenDocumentRetrieval experimentalevaluation.
Thesystemallowedusto transcribeacorpusof spokendocuments
atthewordlevel usingABBOT, andto index theresultingtext tran-
scriptionsusingPRISE.

The LVCSR systemusesa recurrentnetwork-basedacoustic
model(with noadaptationto differentconditions)trainedonthe50
hourBroadcastNewstrainingset,a65,000wordvocabularyanda
trigramlanguagemodelderivedfrom BroadcastNewstext. Words
in querieswhich wereout-of-vocabulary (OOV) wereword spot-
tedatquerytime(utilizing theposteriorphoneprobabilitiesoutput
by theacousticmodel),addedto thetranscriptionsof therelevant
documentsandthecollectionwasthenre-indexed. We generated
pronunciationsat run-timefor OOV wordsusingtheFestival TTS
system(Universityof Edinburgh).

Ourkey aimsin thiswork wereto produceacompletesystem
for theSDRtask,to investigatetheeffectof aworderrorrateof 30-
50%on retrieval performanceandto investigatetheintegrationof
LVCSRandword spottingin a retrieval task. To achieve this we
performedfour basicexperimentsindexing on: transcribedtext;
baselinerecognizerSRT filessuppliedby NIST; ABBOT SRT files;
andABBOT SRT filescombinedwith wordspottingof OOV words
in thequery.

This evaluationprovideda stresstestfor our LVCSRsystem.
In particularwe developedour decodingalgorithmandsoftware
to operatein a more “online mode”. The result of this was the
ability to decodearbitrarily long passageswithout segmentation
into “utterances”. When indexing, acousticmodel computation
requiredaround3.5� real time on a SunUltra 1/170,andlexical
searchrequiredaround2.5� real time. At query time the word
spottingcomponentran in about0.25� real time per document
perquery.

This work wassupportedby ESPRITLong Term ResearchProjects
SPRACH (20077)andTHISL (23495).

2. SYSTEM ARCHITECTURE

Theoutlineof thebasicsystemis illustratedin figure1. TheAB-
BOT LVCSR systemwasusedto provide approximatetranscrip-
tions of the audiodocumentsso that the taskcould be treatedas
oneof text retrieval. Sincethe currentABBOT systemusesa fi-
nite vocabulary of around65,000words,a query-timeword spot-
ter wasincorporatedto allow wordsthat wereOOV with respect
to theLVCSRsystemto beretrieved.
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Figure1: The indexing portion of the THISL Spoken Document
Retrieval systemusedin TREC-6.

3. THE ABBOT LVCSR SYSTEM

ABBOT is a hybrid connectionist/HMMsystem[3] that differs
from traditionalHMMs in that the posteriorprobability of each
phonegiven theacousticdatais directly estimatedat eachframe,
ratherthanthe likelihoodof a phone(or state)modelgenerating
the data. This posteriorprobabilityestimationis achieved by us-
ing a connectionistnetwork trainedasa phoneclassifier. In the
ABBOT system,a recurrentnetwork [4] is usedas the acoustic
model. Direct estimationof the posteriorprobabilitydistribution
using a connectionistnetwork is attractive sincefewer paramet-
ersarerequiredfor the connectionistmodel(the posteriordistri-
bution is typically lesscomplex thanthe likelihood)andconnec-
tionist architecturesmake very few assumptionson the form of
thedistribution. Additionally, thisapproachallows for anefficient
searchalgorithm that usesa posteriorprobability-basedpruning
(section3.3) [5] andis ableto provide usefulacousticconfidence
measures[6].

Sincethe likelihoodis requiredin the decodingprocess,the
posterioris convertedto a scaledlikelihood, L

�
x;q� . This may

becomputedby dividing theposteriorprobabilityestimateof the
phone(or HMM state)q given thedatax, by theclassprior P

�
q�

estimatedastherelative frequency in thetrainingdata:
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The assumptionsunderlyingthis acousticmodelarediscussedin
detailin [3, 7].



3.1. Acoustic Model

Theacousticmodelusedin theTHISL systemconsistedof two re-
currentnetworkswith 53 context-independentphoneclasses(plus
silence). Onenetwork estimatedthe phoneposteriorprobability
distribution for eachframegivenasequenceof 12thorderpercep-
tual linear predictionfeatures[8]. The othernetwork performed
thesamedistributionestimationwith featurespresentedin reverse
order(sincerecurrentnetworksaretime-asymmetric)andthetwo
probabilityestimateswereaveragedin thelog domain.

Thecontext independentprobabilityestimatesP
�
q � x� werecom-

binedwith a context classposteriorprobabilityP
�
c � q � x� , wherec

is anacousticcontext class,to give the joint posteriorprobability
of context classand phoneclass,P

�
q � c � x�	� P

�
q � x� P � c � q � x� [9,

10]. The context classeswere estimatedusing a decisiontree
algorithm and the context classposteriorwas estimatedusing a
singlelayernetwork for eachphoneclass.A total of 604context-
dependentphonemodelswereused. This systemis describedin
greaterdetailin [11].

Theacousticmodelsweretrainedby aViterbi trainingproced-
ure usingthe BroadcastNews acoustictraining dataat all focus
conditions.

3.2. Language Model

Thesystemuseda 65,532word vocabulary preparedby selecting
the80,000mostfrequentwordsfrom thebroadcastnews text data
andremoving misspellings,processingerrors,etc. A backed-off
trigram languagemodelwasbuilt from the BroadcastNews text
data(132million words),resultingin testsetperplexities typically
in therange200–300.

3.3. Search

TheTREC/SDRevaluationprovideda stresstestfor our recogni-
tion system,sinceit involvedperformingLVCSRover thebroad-
castarchive (around39 hoursof speech),with some“segments”
of speechup to one hour long. We have extendedthe NOWAY
start-synchronousdecoder[12], to operatein an “online” mode,
decodingarbitrarily long streamsof speechwithout anadditional
CPUor memoryburden.

NOWAY is basedon a stackdecoderframework andexploits
theacousticmodelposteriorprobabilityestimationin aneffective
pruningtechniquereferredto asphonedeactivation pruning[5].
Thissinglepassalgorithmis naturallyfactoredinto timesynchron-
ousstate-level processingandtime asynchronousword-level pro-
cessing.Thisenablesthesearchtobedecoupledfromthelanguage
model.Incrementaloutputof themostprobablefinal transcription
is possibleowing to thetreestructuringof thesearchandthedom-
inationof languagemodelequivalentpaths.

In thisevaluation,usingposteriorprobabilitybasedphonede-
activation pruning, the usualbeampruning and a unigramlan-
guagemodelapproximationat thestatelevel we wereableto de-
codetheevaluationbroadcastarchive with anaverageof lessthan
1,500modelevaluationsperframe(correspondingto aruntimeof
lessthan6 � realtimeon aSunUltra 1/170).

4. THE PRISE INFORMATION RETRIEVAL ENGINE

Version2.0of thePRISEsystem[13] wasusedastheinformation
retrieval enginefor this experiment. PRISEcomparesthe simil-
arity of a documentto a queryby summingtheweightsof all the
matchingterms.Theweightsarecalculatedusinganinversedoc-
umentfrequency measure.Thesystemwasusedassuppliedwith
nomodificationsandthestandardPRISEstoplist of 23wordsand
theSMART stemmingalgorithmwereused.

5. RAPID WORD SPOTTING USING POSTERIOR
PROBABILITIES

CSR systemscan only recognizewords which are containedin
their lexicon. AlthoughtheABBOT systemusedfor theseexperi-
mentshada65kwordvocabulary, approximately1%of thewords
in thetestsetwereoutof vocabulary (OOV).

This raisesa potential problemat the information retrieval
stage:infrequentwordsarepotentiallyimportantduring retrieval
but suchwordsaremostlikely to beOOV. This couldhave a de-
leteriouseffect on performance.To counteractthis, a rapidword
spottingmodulewasaddedto thesystemto try andfind any OOV
querywords.

Thequerieswerescannedfor OOV words. Any OOV words
for which pronunciationsdid not exist weresentto an automatic
pronunciationgeneratorusingtheletter-to-soundrulesin theFest-
ival speechsynthesissystem[14].

Theword spottingmoduleusedthecontext-independentpos-
terior probability estimatesfrom the recurrentnetwork acoustic
model, dynamicallyconstructingword modelsfor target words
and using a set of loopedphonegarbagemodels. Any spotted
wordswereaddedinto the appropriatesectionof the speechre-
cognition transcription. The transcriptionswerethen re-indexed
andthestandardretrieval procedurefollowed1.

In theevent,theonly OOV word in thetestquerieswas‘CIA’
(ABBOT treatseachletter of an abbreviation asa separateword
and was thus expectingC. I. A.). Furthermore,no instancesof
it werefound by the word spottingmodule(becauseit treatedit
asa word ratherthana stringof letters). Consequently, theword
spottingmodulehadnoimpactonsystemperformanceduringthis
experiment.

6. THE TREC 6 SPOKEN DOCUMENT RETRIEVAL
EXPERIMENT

TheTREC6 Spoken DocumentRetrieval (SDR)experimentwas
designedto comparedifferentcombinationsof speechrecognition
andinformationretrieval systems.The taskwasto retrieve a set
of spoken documentswhich were the targetsof 49 text queries.
Thespokendocumentswerenews itemsfrom theBroadcastNews
corpus.Thetestsetconsistedof 85differentbroadcastssubdivided
into 1451differentsections(documents)2 comprising39 hoursof
speech.Thetestdocumentsrangedin durationfrom onesecondto
36 minutesin lengthwith anaverageof 96 seconds.

In responseto a query, eachsystemhadto producea ranked
list of documentswhich couldthenbescored.Two scoringmeas-
ureswereused:ExpectedRunLengthandMeanReciprocal.

ExpectedRun Length is simply the meanrank at which the
targetdocumentswerefoundacrossthe49queries:

E � 1
N

N

∑
i 
 1

r i (2)

whereN is thenumberof queriesandr i is therankat which doc-
umenti wasretrieved. During theexperiment,if a documentwas
not foundin thefirst 1000,it wasassigneda scoreof 2000.Good
systemperformanceis reflectedby a low ExpectedRunLength.

MeanReciprocalis the meanof the reciprocalof the rankat
which thetargetdocumentswerefoundacrossthe49queries:
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1Obviously, this techniquecouldnot beusedon a largecorpusor in a
practicalsystem,but it canhelpto give anindicationof theimportanceof
OOV words

2Sometypesof itemwerenotusedin theexperiment,e.g. commercials,
weatherforecasts,sportsandlocalnews.



TheMeanReciprocalmeasurehasanadvantageover Expec-
tedRunLengthasit minimizesthedifferencebetweenadocument
retrieved in 100th positionandoneretrieved in 350th — neither
positionwouldbemuchgoodin practicalterms— whilst emphas-
izing theimportanceof gettinga low retrieval rank. MeanRecip-
rocal rangesbetween0 and1 anda goodsystemperformanceis
reflectedby ahighvalue.

The experimentconsistedof four differentrunsin which in-
dexingwasperformedontext transcriptionsof thebroadcasts,SRT
files from a baselinerecognizersuppliedby NIST, SRT files from
ABBOT, andtheABBOT SRT filesaugmentedwith theresultsfrom
word spottingof OOV querywords. For the reasonsoutlinedin
section5, the two ABBOT runsproducedidentical results. The
transcribedtext run enabledcomparisonsto bemadewith respect
to a perfectspeechrecognizer. Thebaselinerecognizertranscrip-
tions wereprovided essentiallyto enableIR labswith no speech
recognitioncapabilityto participatein theexperiment,but alsofa-
cilitatedanalysisof thecontribution madeby thespeechrecogni-
tion componentto theoverall 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
neededto berecognized.Table1 showstheworderrorrate(WER)
for thisdataset,brokendown into thesevenfocusconditions.

Table1: ABBOT Performanceat theBroadcastNews FocusCon-
ditions

Focus Description WER
F0 BaselineBroadcastSpeech 24.9%
F1 SpontaneousBroadcastSpeech 43.2%
F2 Speech/ TelephoneChannels 50.8%
F3 Speech/ BackgroundMusic 49.4%
F4 Speech/ DegradedAcousticConditions 35.5%
F5 Speech/ Non-Native Speakers 36.3%
FX All otherspeech(combinations) 55.7%
- Overall 40.1%

We estimatethe relative searcherror (introducedby pruning)
to bearound15%. Thiswasvery mucha baselinesystem— only
datafrom theF0 conditionwasusedfor training,andno attempt
wasmadeto segmentoutnon-speechportions(e.g.,music)result-
ing in anincreasednumberof insertions.

7.2. IR Performance

We comparedthe performanceof the systemusing the supplied
transcript,the suppliedoutputof the baselinerecognizerandthe
outputof theABBOT recognizer. Theseresultsaresummarizedin
table2.

Table2: ResultsusingthePRISEIR System

Transcription MeanRank MeanReciprocal
Reference 11.59 0.6236

BaselineRecognizer 30.43 0.5062
ABBOT LVCSR 27.82 0.5784

WehaveanalysedtheIR performancewith respectto theWER
andthefocusconditions.Figure2 shows ascatterplot of retrieval

rank versusWER for the baselineandABBOT recognizersusing
PRISEfor the49 retrievedtargetsections.Theplot suggeststhat
thereis agoodchanceof obtainingalow retrieval rankif theWER
of thetargetsectionis lessthanabout40%.
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Figure2: Meanreciprocalretrieval performancevs. WER.
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Figure3: Meanreciprocalretrieval performancevs. WER.

Figure3graphsthemeanreciprocalretrievalperformanceagainst
the WER for both recognizers.Also plottedare the cumulative
WER distributionsfor eachrecognizer. In this casetheWER was
usedasa rejectionthreshold,andonly thosedocuments(andcor-
respondingqueries)with a WER below that thresholdwerecon-
sidered. For the ABBOT system,about65% of documentshad
a WER of 40% or less,andusingthosedocumentsthe meanre-
ciprocalrankingfor retrieval wasaround0.75. The ROC curves
reinforcethemessageof thescatterplot: thatperformancebegins
to fall sharplyif theWERof thetargetdocumentis over40%.

Figure4 graphsthemeanreciprocalrankingagainsttheWER
for targetsectionscontainingspeechlargely from theF0 andFX
focus conditions(twelve of each). It shows a similar picture to
Figure3: retrieval performanceis goodwhenWERis below 40%,
above this figure it begins to deteriorate.Most of the F0 target
sectionshadlow WERresultingin anoverallmeanreciprocalfig-
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THISL System: ROC Curves of Mean Reciprocal versus Word Error Rate for F0 and FX Focus Conditions
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Figure 4: Mean reciprocalretrieval performancevs. WER for
THISL systemfor targetsectionsat F0 andFX focusconditions.

ureof 0.8whereassomeof theFX targetsectionshadhigh WER
contributing to anoverallmeanreciprocalfigureof 0.6.

8. CONCLUSION

Our principal goal in this evaluationwas to develop a working
spokendocumentretrieval system,andto applyour recognizerto
tensof hoursof broadcastspeechdata.We have succeededin this
objective. Futurework will involve developmentof IR methodo-
logiesfor spokendocumentretrieval (ratherthantreatingtheprob-
lem astext retrieval andusingan“out-of-the-box”system)andto
furtherimprove thespeechrecognitioncomponent.
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