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Abstract

As the Web transformsfrom a text only medium into a more multimedia rich
mediumtheneedarisesto performsearchesbasedon themultimediacontent.In this
paperwe presentan audioandvideo searchengineto tackle this problem. The en-
gine usesspeechrecognitiontechnologyto index spoken audioandvideo files from
theWorld Wide Webwhenno transcriptionsareavailable. If transcriptions(evenim-
perfectones)areavailablewecanalsotakeadvantageof themto improvetheindexing
process.

Our engineindexesseveral thousandtalk andnews radio shows covering a wide
rangeof topicsandspeakingstylesfrom a selectionof publicWebsiteswith multime-
dia archives. Our Web site is similar in spirit to normalWeb searchsites;it contains
an index, not the actualmultimediacontent. The audio from theseshows suffers in
acousticquality dueto bandwidthlimitations, coding,compression,andpoor acous-
tic conditions.Our word-errorrateresultsusingappropriatelytrainedacousticmodels
show remarkableresilienceto thehigh compression,thoughmany factorscombineto
increasethe averageword-errorratesover standardbroadcastnews benchmarks.We
show that, even if the transcriptionis inaccurate,we canstill achieve goodretrieval
performancefor typical userqueries(77.5%).
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1 Introduction

As themagnitudeanduseof multimediacontenton theWebgrows, in particularlarge
collectionsof streamedaudioandvideofiles, efficient waysto automaticallyfind the
relevantsegmentsin thesemultimediastreamsarenecessary. Unfortunately, traditional
Websearchenginesareoftenlimited to text andimageindexing andmany multimedia
documents,videoandaudio,arethusexcludedfrom classicalretrieval systems.Even
thosesystemsthatdo allow searchesof multimediacontent,like AltaVista multimedia
searchandLycosMP3search,onlyallow searchesbasedondatasuchasthemultimedia
file name,nearbytext on the Web pagecontainingthe file, andmeta-dataembedded
in the file suchastitle andauthor. Clearly thesesystemsdo no performany detailed
analysisof themultimediacontent.

Exceptfor somecarefullyarchivedfiles,mostmultimediaarchiveson theWebare
simple lists of links to long audio files, sometimesseveral hoursin length 1. Very
often, thereis no transcriptionavailableandthereforeno simplemeansfor indexing
their content.Evenwhena transcriptionis availableoftenit is not annotatedor linked
to the relevantpointsof the multimediastream.A searchableindex thatprovidesthe
ability to play thesegmentsof interestwithin theaudiofile of theseshowswouldmake
thesearchivesmuchmoreaccessiblefor listenersinterestedin aparticulartopic.

A straightforwardapproachto solve this problemconsistsof generatingthe tran-
scriptionautomaticallyusinga largevocabulary speechrecognitionsystem.However,
speechrecognitiontechnologyis currentlyinherentlyinaccurate,particularlywhenthe
audioquality is degradeddueto poorrecordingconditionsandcompressionschemes.
Despitethis, we show that we can achieve accuracy satisfactory for indexing audio
from theWebif theacousticandlanguagemodelsareproperlytrained.

SpeechBotis not thefirst systemto offer thesecapabilities.In fact,therehavebeen
severalstudieswhich hadsimilar goals[1], [2], [3], [4], [5]. We differ from these
projectsin severalways. First, we fetchtheaudiodocumentsfrom theWebandbuild
an index from thatdata.Second,we don’t serve content,but ratherkeepa link to the
originaldocument,similar to traditionalsearchengines.Third, our systemis designed
to scaleupondemand.Finally, oursearchindex is availableandrunningon theWeb2.

The contentcurrently indexed is populartalk radio, technicalandfinancialnews
shows andsomeconferencevideorecordings.For videostreams,sinceno videopro-
cessingis needed,we only downloadthe associatedaudio track, hencereducingthe
bandwidthin thetranscoding,andsaving disk spaceandbandwidth.Theseshows are
almostentirelyspeech,andvery few of themhaveassociatedtranscriptions,unlikeTV
shows thatareoftenclosedcaptionedin theU.S.Closedcaptions(or CC) arethetex-
tual transcriptionsof theaudiotrackof a TV program,similar to subtitlesfor a movie.
TheU.S.FederalCommunicationsCommission(FCC)requiresbroadcastprogramsto
be closecaptionedin orderto be accessibleto peoplewith disabilities. Theseclosed
captionscaneasilybeusedfor indexingpurposessincethetranscriptionis timealigned
for displaypurposes.

Someof theradioshowsweindex areextremelypopular:Dr. Laurais syndicatedto

1seefor examplehttp://www.broadcast.com
2http://www.compaq.com/speechbot
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430stationsin theU.S.andis reportedto haveaweeklyaudienceof 18million people;
Art Bell Coastto Coast/Dreamlandis reportedto haveaweeklyaudienceof 10million
people.Someof theseshowsarevery long. For exampleeachArt Bell Coastto Coast
show is four hourslong, andeachDr. Laurashow is two hourslong. However, none
of theseshowshaveexisting transcriptions,exceptin somecasesa title for eachshow.
This is clearly inadequatesincelong shows may cover a variety of differentsubjects
andshouldnot beindexedasa whole. Sincetheseshowsall have existing archiveson
theInternet,SpeechBotprovideslinks to therelevantsegmentsin thesearchives.

The outline of the paperis as follows. In Section2 we give an overview of the
architectureof thesystem.In Section3 we presenta performanceanalysis.In Section
4 we describeour usability studies.Finally, in Section5 we presentour conclusions
andsuggestionsfor futurework.

2 System Overview

SpeechBot is a public searchsitesimilar to AltaVista,which indexesaudiofrom pub-
lic Web sitessuchasBroadcast.com,PBS.org, and InternetNews.com. The index is
updateddaily asnew shows arearchived in their Web sites. The systemconsistsof
the following modules: the transcoders,the speechdecoders,the librarian database,
andthe indexer. Figure1 presentsthesystemarchitectureat a conceptuallevel. Fig-
ure2 presentstheoverall architectureof thesystemandgivesanideaof thehardware
requirementsof SpeechBot. We describeeachcomponentbelow.

Figure1: Overall architectureof thesystem
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Figure2: Overallhardwareview of thesystem

2.1 Transcoder

The transcodersfetch anddecodevideo andaudiofiles from the Internet. For each
item, they extract themeta-data,downloadthemediadocumentsto a temporarylocal
repositoryandconvert theaudiointo anuncompressedfile format(typically Microsoft
PCM wav). This format preserves the original samplingrate of the streamand the
numberof audiochannels.Themeta-data(if available)containsinformationaboutthe
file downloadedsuchasthesamplerate,copyright, thestorytitle, andpossiblya short
description.Thisinformationis usedby theLibrariandatabaseto identify andtrackthe
documentwhile beingprocessedby thesystem,andto displaytheresultof thequery
to theuser.

2.2 Speech Recognizer

SpeechBot usesCalista,our in-housespeechrecognizer. Calistais derived from the
Sphinx-3system[6] andis a largevocabularycontinuousspeechrecognitionpackage
which usesstate-of-the-artGaussianmixture, triphonebased,HiddenMarkov Model
(HMM) technology. Thebesthypothesisproducedby this one-passrecognizeris used
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to producea textual transcription,or annotationstream,from the downloadedaudio
files. Theannotationstreamconsistsof thestarttimeandendtimeof eachword in the
transcript,andthe word itself. The audiofiles aresegmentedin sucha way that the
speechrecognitioncanbeperformedin parallelon differentportionsof thedocument.

A farmof workstationstiedtogetherin aqueuingsystemrecognizeseachportionof
thedocument.Thus,evenif thespeechdecoderis notreal-time,wecanstill achievesub
real-timethroughput.Whenall theportionsarerecognized,theresultsareassembled
to createa fully annotateddocument.Calistayields an error rateof about20% on a
singlepasssearchon the 1998ARPA HUB4 evaluationcorpora[7] with an average
computationalload of 6 times real time on a CompaqDS20 EV6 Alpha processor
runningat 500 MHz. The productionsystemis composedof a farm of 30 Compaq
AP500andProliant1850dualPentiumII/III, 450MHz and600MHz, 256Mb RAM,
runningLinux 6.0.

Whenthetranscriptionis availablewe replacethespeechrecognitionmodulewith
an alignermodule. Its role is to provide time marksfor eachword of the input text.
We have developeda methodfor aligning transcriptsto very long audio segments.
Thismethodis robustto occasionallyinaccuratetranscripts,musicinsertions,or noisy
speech. The precisionmeasuredis over 99% of words alignedwithin a 2 seconds
misalignment[8].

In othercasesthetranscriptionis only approximate.Thismaybedetectedwhenthe
alignermodulefails. Somewordsin the transcriptmight be missingor wrongwords
might be inserted.Sometimeseven completesentencesmight be missed.Following
theideasof [9] webuild a languagemodelusingall theavailabletext in thetranscript
andthenrecognizetheaudiousingthismodel.Thistrainingprovidesalanguagemodel
that is muchmorespecificthangeneralbroadcastnews modelswhile allowing some
freedomin the search. Becausethis model is very restrictive andcloseto the truth
it limits dramaticallythe searchspacefor the recognizerandyields lower word error
rates. However, sincewe areperformingrecognition,not alignment,errorsarestill
possible.

2.3 Librarian

Thelibrarianhastwo mainroles. It managestheworkflow of taskscarriedout by the
individualmodules,andit storesmeta-dataandotherinformationrequiredby theuser
interface.

The componentmodulesoften run on remotemachinesanddo not communicate
directly. Eachprocessregistersitself with the librarianandonceregisteredcanmake
a requestfor work to perform. This includessuchtasksasspeechrecognition,text to
audioalignmentor insertionof text into the index. The outputof onetaskis usually
the input for another, andthe librarian tracksthe locationof theseinputsandoutputs.
In this sensethelibrarianis thebrainof oursystem.

In additionto storingthemeta-datacollectedby theTranscodermodule,thelibrar-
ian stores10 second’clips’ of formattedtext for eachdocument.It maintainsa map-
pingbetweenword locationsfrom theindex, correspondingtext clips,andthetime the
clip occursin themultimediadocument.TheUI usesthis informationto constructthe
queryresponsepagesdisplayedto theuser.
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The librarian is built on anOraclerelationaldatabaserunningon Tru64Unix 4.0.
Clientscommunicatewith the librarianvia a in-house,cleartext protocolover socket
connections.The useof a centralrepositoryfor sharedinformationallows a robust
distributedarchitecturewhich canscaleon demand.

2.4 Indexer

Theindexerprovidesanefficientcatalogueof audioandvideodocumentsbasedonthe
transcriptionproducedby thespeechdecoder. As well assupplyingtheuserinterface
with alist of documentsthatmatchauser’squery, theindexeralsoretrievesthelocation
of thesematcheswithin the documents.It doesthis usinga modifiedversionof the
AltaVistaqueryengine[10].

The indexer sortsthematchesaccordingto relevance,asdescribedin Section3.3.
Wedefinerelevanceusingthetermfrequency inversedocumentfrequency (tf.idf) met-
ric [11], adjustedfor theproximity of thetermswithin thedocument.This sortingis
performedonboththelist of documentsreturnedandthelist of matchlocations.In ad-
dition to thetranscriptionof theaudio,we alsoindex themeta-dataif any is available.
Both thelibrarianandtheindexerarebasedon thesystemdescribedin [12].

2.5 User Interface

TheWebserver passestheuserqueriesto the indexer, readsbackthe list of matches,
retrievestheassociatedmeta-datafrom the librarian,andformatsanddisplaysthe re-
sults. As part of this process,it also performsthe advancedfunctionsdescribedin
Section4, suchashighlighting the matcheswithin the transcriptandexpandingand
normalizingacronyms,abbreviationsandnumbers.

TheWeb server returnsup to 20 pagesof up to 10 documentseachsortedby rel-
evance.Externallinks to theoriginal audioandvideofiles aredisplayed,aswell asa
link for eachdocumentto a pagewith moredetails.This is shown in Figure3 where
wepresentthelook andfeelof a searchpagewith thequeryPaul McCartney.

3 Performance Analysis

In thissectionweobtainobjectivemeasurementsof themaincomponentsof theSpeech-
Botsystem.Wedescribetheperformanceof thetranscoder, thespeechrecognitionen-
gine,theinformationretrieval engine(a combinationof thespeechrecognitionoutput
andtheindexer)andtheWebserver.

3.1 Transcoder

The currentversionof the transcoderscanhandlea variety of differentformatsboth
streamingandnon streaming.Most of the documentsdownloadedhowever areRe-
alAudio encoded.Transcodersrun in parallelon a farmof 8 CompaqAP400dual400
MHz PentiumII workstations,256Mb RAM, underWindows NT. Eachmachinecan
handle4 streamsin real-time,leadingto a maximumthroughputof ����� downloadable
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Figure3: View of thesearchpage

hoursof audioperday. Notice that thestreamingformatscannotbedownloadedat a
fasterthanreal time ratesinceby designstreamingserversfeedthe dataat real time
rates,not fasternor slower.

3.2 Speech Recognition

The speechrecognitionsystemhasbeentestedon randomlyselectedsegmentsfrom
severalpopularradioshows: Coastto Coastwith Art Bell, Dr LauraSchlessinger, Ed
Tyll, Rick Emerson,andtheMotley Fool RadioShow. Four 15-minutesegmentswere
selectedfrom eachof fiveshowsfor worderrorrateanalysis.Themajorityof theaudio
streamsareencodedwith the 6.5 Kbps RealAudiocodec. A few audiostreamsare
encodedat higherrates.After download,the audiois storedin a wav file sampledat
8 kHz. Acousticconditionsvaryasshowsmayhavetelephoneconversations,commer-
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cials,severalpeopletalking simultaneously, or musicin thebackground.Theselected
segmentsaretranscribedmanually, andthe transcriptionis usedto estimatetheWord
Error Rate( ���
	���
���������������� ). Where � , � , � and � are the numberof
substitutions,insertions,deletionsandtotal numberof wordsrespectively.

We breakeach15-minutetestsegmentinto smallerutterancesthataremoreeasily
handledby therecognizer. Eachsegmentis brokeninto 30 secondslong subsegments
overlappingby 5 seconds.Weuseastatistical3-gramlanguagemodeltrainedusingthe
DARPA broadcastnews Hub-41998text corpora[7]. An n-gramstatisticallanguage
modelgives the probability of the currentword given the previous n-1 words. Our
training sethasbeentrainedon a corpusof about100 millions words. It containsa
vocabulary of 64,000wordswhich correspondsto 4 million bigramsand15 million
trigramsin thelanguagemodel.

Sincethe audio hasbeenencodedfor streamingpurposes,we have to adaptthe
acousticmodelsto the compression/decompressionscheme.We investigatedthe im-
pactof acousticadaptationby exploringtwo acousticmodelingapproaches.In ourfirst
approachwe build acousticmodelsby training on 100 hoursof the BroadcastNews
corpusprovided by LDC (Linguistic Data Consortium) [13] at its original 16 kHz
samplingratewith recordingstudioacousticquality. Whenusingthesemodelsthetest
datahadto beup-sampledto 16kHz. Thesecondapproachusedmodelstrainedonthe
sametrainingcorpusbut afterbeingencodedusingthe6.5KbpsRealAudiocodec,and
thendecodedto a samplingrateof 8 kHz. This encoding/decodingoperationwasper-
formedto reducethe acousticmismatchbetweenthe training corporaandthe testing
corpora.

On thetestsetwe observedanimprovementin theaverageword errorrate(WER)
from 60.5%for the first setof acousticmodelsto 49.6%whenthe 8 kHz RealAudio
encoded/decodedmodelswereused.Theseresultsarefor a systemwith 16 Gaussian
mixture componentsper HMM stateand 6,000sharedstates. Table 1 presentsfull
resultsfor the8 kHz RealAudiosystem.

As acomparison,theTotalErrorRate(TER)of televisionnewsandsportscaption-
ersis usuallybetween1.5%and2.5% [14]. The TER is however measuredslightly
differentlyto theWER.TheTERcalculatestheproportionof errorsoverthetotalnum-
berof words. Errorsincludesmis-typedwordsandpunctuationerrorswhich usually
donot occurin transcriptionsgeneratedby aspeechrecognizer.

Table1: SpeechRecognitionWER. 8 kHz RealAudiomodels,16 Gaussianmixture
componentsperclusteredHMM state.6000clusterstates

Show Chunk Chunk Chunk Chunk
Name 1 2 3 4

Art Bell 50.5% 46.3% 51.2% 44.5%
Dr. Laura 51.2% 47.4% 52.7% 59.2%
Ed. Tyll 62.3% 54.0% 49.9% 47.0%

R. Emerson 48.2% 51.5% 53.1% 56.4%
M. Fool 44.1% 38.8% 47.2% 43.5%
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TheCalistaspeechrecognizercanbeadjustedto tradeoff processingtime for ac-
curacy within certainlimits. We observe that rangesbetween6 and30 timeslonger
than real time on a PentiumII, 450 MHz processorunder Linux give good accu-
racy/processingtime tradeoffs for aproductionsystem.Thedominantparameteris the
beamof the recognitionsearch.During recognition,hypotheseswith likelihoodless
than the beamarediscarded,reducingthe numberof calculationsrequired. Table2
shows theperformanceof therecognitionsystemasthis factoris adjusted.In produc-
tion modewe use8 Gaussianmixturecomponentsperstateanda beamof ��� �"!�# . The
recognizerthenrunsat around13 timesreal time (xRT). Becausethe speechrecog-
nizer is parallelizedwhenrunningon archived data,andassumingan averageof 13
timesreal-time,we areableto processapproximately110hoursof audioperdayon a
farmwith 60 processors.

Table2: WERandspeed(x RealTime)of speechrecognizerasafunctionof beamand
numberof Gaussians.8 kHz RealAudiotrainedmodels

Number of Beam WER xRT
Gaussians

16 ��� �"$&% 49.6% 23.2
16 ��� �"!�# 51.5% 18.5
8 ��� �"$&% 51.9% 18.0
8 ��� �"$&' 53.0% 14.5
8 ��� �"!�# 53.9% 13.0

3.3 Information Retrieval Performance

Theeffectivenessof retrieval dependson a numberof factorssuchasthe complexity
of thequeries,the lengthof thedocuments,thesizeof thecollection,theaccuracy of
theautomatictranscriptions,andtheinformationretrieval techniquesused.

Theretrieval performancewasevaluatedonthepublicsitewith staticcontentsince
theindex needsto bestableduringthetestswhich lastseveraldays.We hadindepen-
dentandunbiasedtestersevaluatea setof queriesselectedfrom the list of 100 most
frequentlysubmittedqueries.Eachtesterperformed50 queries,andassessedthepre-
cisionof thetop shows returnedfor each.Thestudywaslimited to thetop 20,10 and
5 shows, basedon theassumptionthat typical userstendonly to look at thefirst cou-
ple of pagesof the retrievedresults[15]. Thequerytermswereselectedfrom thetop
100queriessubmittedto thepublic sitefrom December1st,1999to March1st,2000.
Thewordswereselectedsuchthat they cover a largevarietyof topics,varyinglength
of words(phoneme-wise),andvarying typesof wordssuchasacronyms andproper
nouns. The querieswereeithernounsor nounphraseswith a maximumlengthof 3
words.ExamplequeriesareBill Clinton,InternetandY2K.

Testersjudgedtherelevanceof theretrieveddocumentsbasedon a concepthit ap-
proach,i.e. a documentwasconsideredrelevant if andonly if the conceptdescribed
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in the querywaspresentin the retrieveddocument.To assesswhethera givenresult
wasrelevant,testersreadthetranscriptsreturnedwith thesearchresultsof thedetailed
pageand, for eachclip of the document,listenedto the correspondingpartsof the
audio show. To evaluatethe retrieval results,we useda standardaverageprecision
metric[16]. We did not run theexperimentona standardtestset,likeTREC-SDR[3],
but ratheron real data(both audiocontent,andqueries)wherethe diversityof audio
conditionandcontentis very high. Unlike TREC evaluations,we do not know the
groundtruth of our index, sowe cannotmeasurerecall. We thereforemeasurepreci-
sionwhichstill meaningfullyreflectshow well our index servesourusers’information
needs.

Table3 presentsaverageretrieval precisionnumbersfor theabovedescribedexper-
imentsfor two differentrankingfunctions.

Table3: Averageretrieval precisionfor wholedocumentsusingtwo differentranking
functions

Ranking Docs Duration Queries Average
function (count) (hours) (count) precision

A 4695 4188 50 71.7%
B 4695 4188 50 75.5%

Rankingfunction A scoresdocumentsusing a slightly-modifiedimplementation
of an algorithmfor rankingdocumentsin large text index. FunctionA is calculated
usinganapproximatetermfrequency inversedocumentfrequency (tf.idf) metric [11],
combinedwith ascorebasedon theproximity of querytermsto eachotherandascore
basedon their locationwithin thedocument.For speedof search,thetermfrequency
in the approximatetf.idf is calculatedasa stepfunction indicatingwhetherthe term
occursonceor morethanoncein thedocument.Theproximity biashelpsto retrieve
documentswith amulti-wordquerystring,evenif theuserdidn’t choosethethisexact
phraseoption.Locationwithin thedocumentis calculatedsuchthattermscloserto the
beginningof a documentreceivea higherscore.

RankingfunctionB scoresdocumentsusinga true tf.idf metric,combinedwith a
scorebasedon the proximity of query termsto eachother. The bias towardsterms
occurringearlierin thedocumentis not includedin functionB.

The retrieval performanceof the systemis betterthan expectedconsideringthe
accuracy of thespeechdecoder. In many studies,documentretrievalhasbeenshown to
beremarkablyresilientto thespeechrecognizerword error rate. Recentexperiments
show thataworderrorrateof 30%reducesrecallby 4%relative,andaworderrorrate
of 50%reducesit by only 10%relative [17], [4]. Thereareseveralexplanationsfor
thesenumbers.First the querywordsareoften repeatedseveral timesduring a show
andarethusmorelikely to berecognized.Second,thekeywordstendto belongerthan
stopwords(e.g. a, the, and ...), so thespeechrecognitionsearchis moreconstrained
andtendsto performbetteron thesewords.Also, if therearemany wordsin thequery,
missingoneor two of themmaystill permitretrieval of thedocument.
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Retrieval errorsweredueto severalreasons.First, insertionor substitutionrecog-
nition errorscausequerywordsto appearerroneouslyin thetranscripts.Rankingfunc-
tion A is more sensitive to this type of error: we observed several caseswherean
insertionat thevery beginningcausedthedocumentto getanerroneouslyhigh score.
This typeof falsealarmerrorrepresentsroughlyhalf of thecasesof theappearanceof
non-relevantdocuments.RankingfunctionB helpsto alleviatethisproblemby weight-
ing termsequallythroughoutthedocumentwithout usinga locality bias. This makes
intuitive sensewhen you considerthat an audio documentis lesslikely than a text
documentto beaboutasingletopic.

All of thewordsusedfor evaluationwerein thevocabularyof thespeechrecogni-
tion engine,thustheaverageprecisionmeasuredshouldbeviewedasanupperbound
performance.However, our Out Of Vocabulary (OOV) rateis very low (about1.2%
with a staticlanguagemodelbuilt in late1999)andhasa minor impacton our recog-
nition performance.It is likely thatotherfactorssuchasacousticandlanguagemodel
mismatch,andpronunciationinaccuraciesarethemaincontributorsto thewordrecog-
nition error rate. We have found that the OOV of userqueries(12%) is considerably
higher than the speechrecognitionOOV. This ratehasclearly an implication on the
performanceof thesystemsincea querywith a word that is out of vocabulary do not
returnany valid hit [18].

The secondmain reasonfor a non-relevant documentto be retrieved is that the
querywordsarementionedout-of-context, or areinherentlyambiguous.For example,
thequeryaidsreturnedmany documentswhich talkedaboutaidsmeaninghelpsrather
thana disease.Theseproblemsmay be overcomeby introducinga notion of subject
popularity, andintroducingbiasin therankingscheme[19].

Finally, documentsmay not be retrieved becauseof the ranking function itself.
Althoughtheseerrorsprobablycontribute to theperformanceof thesystem,we were
not ableto evaluatetheir impactbecausewe don’t have a properlylabeledtestsetto
measuretherecall.

3.4 Web Site Performance

To estimateoverall performancein termsof speedas perceived by a user, we used
automatedtestscriptswhichfire thousandsof queriesat thesiteoveracertainperiodof
time,andreadbacktheresults.Thescriptsmeasurepageviewspersecondandaverage
latency. ThequeriesusedarerealuserinputgatheredfromthesitelogssinceSpeechBot
went live in December1999. They aresubmittedin multiple parallelsequenceswith
randomvariabledelaysto simulatelikely real-world conditions.

The resultswerefound to be affectedby the frequency of the querytermsin the
database,by databaseandindex size,andby thenumberof CPUsavailablefor useby
the system. It is possibleto split componentsof the SpeechBot systemover several
singleor multi-processormachinesin orderto increaseperformancewith a very large
database.Performanceprofiling usingDCPI [20] andour own logging tools showed
that the main bottleneckswere usability featuresincluding acronym expansionand
rankingof matcheswithin documents.Performanceimprovementsin theseareashave
resultedin an increasefrom ( ) �+* pageviews persecondto �-, ).��( pageviews persec-
ond. The testsused *0/����+* hoursof contentwith all componentsrunningon a single
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CompaqDS20AlphaServer EV6 (2 CPUs)andsimulated275userswaiting an aver-
ageof 15 secondsbetweenclicks. A sitewith this performancewould supportover 1
million hits perday.

Thefastestresultsto date,27pageviewspersecondwith anaveragelatency of �1)2�3�
seconds,wereobtainedwith no acronym expansionor within-documentranking,and
a relatively small database(200 hoursof content)with the librarian and the indexer
runningon a CompaqAlphaServer 4100with 4 processorsand2Gbytesof memory
and the UI runningon a separateCompaqAlphaServer 4100with 4 processorsand
2Gbytesof memory.

We have alsoconductedperformancetestsof thedatabaseasa standalonecompo-
nentsinceit is a potentialbottleneckfor the systemwhenservingthe userinterface.
Thetestof thedatabasecomponentalonerunningon oneAlphaServer4100with four
Alpha processorsat 466MHz measureda throughputof 29 usersessionsper second,
equivalentto 88 pagespersecondor 7.5 million pagesover a 24-hourperiod. These
performancesarebetterthanthepresentationserver, whichgeneratestheHTML pages
ata maximumrateof about30 pagespersecond[12].

4 Usability Studies

The usability of the site wasextensively evaluatedandimproved. A groupof seven
experiencedInternetusersaged18-50, most (five) with experiencewatchingvideo
contentor listening to audiocontenton the Web wereeachobserved while they at-
temptedto achieve thesamesetof goalsusinga SpeechBotprototypesite. Thegoals
wereexpressedin the form of two scenarioswritten in termsof what informationthe
userwasto discoverusingthesite,with eachscenariocoveringthetwo universalgoals
of searching:to make thewidestpossiblesearchandto narrow down theresultsof a
search.Beforeactingout the scenarios,eachuserwasasked to performa free-form
searchfor a subjectof their own choice. Usersweregiven no instructionon the use
of thesite,andeachsessiontook a little over anhour. Userswereencouragedto talk
throughtheir thoughtprocessesandexpectationsprior to eachinteractionwith thesite
andthencommenton theresponseobtainedfrom thesite. Eachuseralsocompleteda
brief questionnaireat theendof thesession.Thetrendsin behavior wereanalyzedto
determinethemajorfactorsto beimproved.

Althoughthe interfaceis very similar to mosttext-basedsearchenginesusersen-
counteredseveraldifficulties. Whenperformingmultiword searches,in generalusers
expectedto seeall querywordsin theresults,which is notnecessarilythecasedepend-
ing on how thesearchhasbeenperformed.Interestingly, evenregularAltaVista users
did not understandthe querysyntax. For instance,when looking for divorce in Dr.
Laura’sinterviews, mostfirst tried laura divorce, cleveronesthentried laura+divorce,
but nobodytried+laura +divorce. Thisproblemwasaddressedby exposingthepossi-
blerelationshipsbetweensearchwords(all/any/phrase/Boolean)in adropdown menu
and making all the default. Second,the syntaxfor query termsis sometimesnon-
intuitive. For example,usersmay type acronyms in differentforms: USAor U.S.A.,
but without specialprocessingnot all written formswill matchtheir spokencounter-
part. To alleviate this problem,termslike abbreviations,acronyms,andnumbersare
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now expandedandnormalizedby thesystemto acommonform for bothqueryingand
indexing. For instance,thenumber,+(3� will betrainedandrecognizedastwo hundred
and fifty, probablybe searchedas ,+(3� andwill be indexed in its normalizedform as
,+(+� . Finally, theadvancedsearchwasconfusingandprovidedno additionalfunction-
ality otherthanBooleansearch.This wasthereforedroppedafteraddingtheBoolean
capabilityasa choiceon thesimplesearchpage.

Someimprovementsto thedisplayof resultswereindicatedby usertesting.High-
lighting the querywordswasessential,andgave the userstrongfeedbackon the rel-
evanceof thedocumenteven if the speechrecognitionoutputwassometimeshardto
readandunderstand.Figure4 shows a detailedsearchresultwherethe searchword
“clinton” is highlighted.

Userswantedguidanceonwhattopicscouldbesearched.To addressthis,weadded
a list of indexedshowsgroupedby topic to thehomepage.

Figure4: View of theShowMe More

The accuracy of the transcriptionappearedto be a problemtoo. For example,
on somecontentsuchasnoisy or poorly articulatedspeechsegments,the outputof
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the speechrecognitioncanbe very poor. A solutionto this problemis the subjectof
ongoingresearch.Lastly, userswereoftenfrustratedby thereliability of theRealAudio
proxiesandservers. Our queryserversarestableandresponsive, but the audiohas
to beenstreamedin from a variety of content-hostingsites,someof which are less
reliable.

A smallerin-housestudyon thepublic sitewaslaterconductedon a groupof four
university studentsto verify that the changesmadeprior to launchhadresolved the
original usability problems. This studyshowed that mostof the problemshadbeen
fixed, but that therewasa residualproblemwhensearchingwith multiple keywords
input. Dependingon how closelytogetherthewordswerespokenin theoriginalaudio
document,usersstill occasionallyfound that the resultsdidn’t containall the search
wordsthey expected.To addressthis, we arecurrentlyinvestigatinga modificationto
makethedefaultsearchoptionbehavemorelike all thesewordsnearby.

5 Conclusions and future work

SpeechBot is thefirst audioindexing andretrieval systemfor theWeb. It incorporates
speechrecognitiontechnologyandso is able to operateboth with andwithout tran-
scriptions.Thecurrentversionof thesystemis capableof indexing up to 800hoursof
audioperweek,andis configuredin sucha way thatit caneasilyscaleup on demand.
It hasgivenus a uniqueopportunityto testa spoken dataretrieval systemon a large
scale.Ourexperimentsshow acceptableretrieval accuracy despitehighrecognitioner-
ror rates.This suggeststhatindexing of audiodocumentson theWebis feasiblegiven
thecurrentlevel of recognitionandretrieval technologies.

Thereis still roomfor many improvements.TheOOV ratefor userqueriescouldbe
improvedby performingbettertext normalization.We arealsoplanningto investigate
indexing word categoriesand/orperformsubword basedretrieval. Speechrecognition
accuracy can be increasedby providing specializedaudio models,vocabulary, pro-
nunciationdictionaries,and languagemodels. Acousticmodelscould be adaptedto
specificshows. Languagemodelscouldbe trainedfor specificdomains,like sportor
financial news. Finally, we plan to updatethe recognitionvocabulary, and improve
wordpronunciationfor propernouns.

To improveIR accuracy, weareinvestigatingdifferentrelevancerankingalgorithms
andalternative waysof indexing theoutputof thespeechrecognizer, aswell asquery
anddocumentexpansionmethods.We alsoplan to improve the userinterfacesince
randomaccessto multimediadocumentsraisesinterestingnew questionsaboutthe
efficiency of the currentdesign. A bettersegmentationof shows could allow search
andretrieval of smallsectionsof audiorecordingsthatcouldbelistenedto asawhole,
thusminimizing thenavigationwithin a document.Finally, we planto port thespeech
recognitionengineto otherlanguages,suchasFrenchandSpanish.
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