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Abstract

As the Web transformsfrom a text only mediuminto a more multimediarich
mediumthe needarisesto performsearchedasedon the multimediacontent. In this
paperwe presentan audio and video searchengineto tackle this problem. The en-
gine usesspeechrecognitiontechnologyto index spoken audioandvideo files from
the World Wide Web whenno transcriptionsareavailable. If transcriptiongevenim-
perfectones)areavailablewe canalsotake advantageof themto improvetheindexing
process.

Our engineindexes several thousandalk and news radio shavs covering a wide
rangeof topicsandspeakingstylesfrom a selectionof public Web siteswith multime-
dia archives. Our Web site is similar in spirit to normal\Web searchsites;it contains
anindex, not the actualmultimediacontent. The audiofrom theseshows suffersin
acousticquality dueto bandwidthlimitations, coding, compressionand poor acous-
tic conditions.Our word-errorrateresultsusingappropriatelytrainedacoustianodels
shav remarkableaesilienceto the high compressionthoughmary factorscombineto
increasethe averageword-errorratesover standardoroadcashews benchmarks We
shawv that, evenif the transcriptionis inaccuratewe canstill achiese goodretrieval
performancdor typical userqueries(77.5%).
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1 Introduction

As the magnitudeanduseof multimediacontenton the Web grows, in particularlarge
collectionsof streamedaudioandvideofiles, efficient waysto automaticallyfind the
relevantsggmentdn thesemultimediastreamsarenecessaryUnfortunatelytraditional
Websearchenginesareoftenlimited to text andimageindexing andmary multimedia
documentsyideo andaudio,arethusexcludedfrom classicalretrieval systems Even
thosesystemghatdo allow searchesf multimediacontent Jike AltaVista multimedia
searclandLycosMP3searchpnly allow searchebasedndatasuchasthemultimedia
file name,nearbytext on the Web pagecontainingthe file, and meta-dateembedded
in thefile suchastitle andauthor Clearly thesesystemsdo no performary detailed
analysisof the multimediacontent.

Exceptfor somecarefullyarchivedfiles, mostmultimediaarchivesonthe Webare
simplelists of links to long audio files, sometimesseveral hoursin length. Very
often, thereis no transcriptionavailable andthereforeno simple meansfor indexing
their content.Evenwhenatranscriptionis availableoftenit is notannotatedr linked
to the relevant pointsof the multimediastream.A searchabléndex that providesthe
ability to play the segmentsof interestwithin theaudiofile of theseshovs would make
thesearchvesmuchmoreaccessibldor listenersinterestedn a particulartopic.

A straightforvard approachto solve this problemconsistsof generatinghe tran-
scriptionautomaticallyusinga large vocahulary speectrecognitionsystem.However,
speechrecognitiontechnologyis currentlyinherentlyinaccurateparticularlywhenthe
audioquality is degradeddueto poorrecordingconditionsandcompressiorschemes.
Despitethis, we shav that we can achieve accurag satishctory for indexing audio
from theWebif theacousticandlanguagenodelsareproperlytrained.

SpeehBotis notthefirst systento offer thesecapabilities.In fact,therehave been
several studieswhich hadsimilar goals[1], [2], [3], [4], [5]. We differ from these
projectsin severalways. First, we fetch the audiodocumentgrom the Web andbuild
anindex from thatdata. Secondwe don'’t sene content,but ratherkeepa link to the
original documentsimilar to traditionalsearchengines.Third, our systemis designed
to scaleup on demand Finally, our searchindex is availableandrunningon the Wet?.

The contentcurrentlyindexed is populartalk radio, technicaland financial news
shavs andsomeconferencevideo recordings.For video streamssinceno video pro-
cessingis neededwe only downloadthe associatecudiotrack, hencereducingthe
bandwidthin the transcodingandsaving disk spaceandbandwidth. Theseshows are
almostentirelyspeechandvery few of themhave associatedranscriptionsunlike TV
shavs thatareoften closedcaptionedn the U.S. Closedcaptions(or CC) arethe tex-
tualtranscription®of theaudiotrack of a TV program similar to subtitlesfor a movie.
TheU.S.FederalCommunication€ommissionFCC)requiresbroadcasprogramgo
be closecaptionedn orderto be accessiblgo peoplewith disabilities. Theseclosed
captionscaneasilybeusedfor indexing purposesincethetranscriptioris time aligned
for displaypurposes.

Someof theradioshavsweindex areextremelypopular:Dr. Laurais syndicatedo

Lseefor examplehttp://wwwbroadcast.com
2http://Iwwwcompag.com/speechbot
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430stationsn theU.S.andis reportedo have aweeklyaudienceof 18 million people;
Art Bell Coastto Coast/Dreamlani reportedto have aweeklyaudienceof 10 million
people.Someof theseshavs arevery long. For exampleeachArt Bell Coastto Coast
shaw is four hourslong, andeachDr. Laurashow is two hourslong. However, none
of theseshaws have existing transcriptionsexceptin somecasestitle for eachshaw.
This is clearly inadequatesincelong shovs may cover a variety of differentsubjects
andshouldnot beindexedasawhole. Sincetheseshaws all have existing archiveson
thelnternet,SpeehBotprovideslinks to therelevantsegmentsin thesearchies.

The outline of the paperis asfollows. In Section2 we give an overview of the
architectureof the system.In Section3 we presenta performanceanalysis.In Section
4 we describeour usability studies. Finally, in Section5 we presentur conclusions
andsuggestion$or futurework.

2 System Overview

SpeehBotis a public searchsite similar to AltaVista, which indexesaudiofrom pub-
lic Web sitessuchas Broadcast.comPBS.og, and InternetNevs.com The index is
updateddaily asnew shaws arearchivedin their Web sites. The systemconsistsof
the following modules: the transcodersthe speechdecodersthe librarian database,
andtheindexer. Figurel presentghe systemarchitectureat a conceptualevel. Fig-
ure 2 presentghe overall architectureof the systemandgivesanideaof the hardware
requirement®f SpeebBot We describeeachcomponenbelow.

Internet : E Transcoder :

Speech
Compressed Audio .
audio stream (wav) recognizer

Metadata Transcripts

Librarian database

User
queries

C—>| Web
Internet Indexer
— =

server

Links to
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Figurel: Overall architectureof the system
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Figure2: Overallhardwareview of the system

2.1 Transcoder

The transcoderdetch and decodevideo and audiofiles from the Internet. For each
item, they extractthe meta-datagdownloadthe mediadocumentgo atemporarylocal
repositoryandcorvertthe audiointo anuncompressetfile format(typically Microsoft
PCM wav). This format preseresthe original samplingrate of the streamandthe
numberof audiochannelsThe meta-datdif available)containsinformationaboutthe
file downloadedsuchasthe samplerate,copyright, the storytitle, andpossiblya short
description.Thisinformationis usedby theLibrariandatabaséo identify andtrackthe
documentwhile beingprocessedy the systemandto displaythe resultof the query
to theuser

2.2 Speech Recognizer

SpeehBotusesCalista,our in-housespeechrecognizer Calistais derived from the
Sphinx-3system[6] andis alargevocahulary continuousspeechrecognitionpackage
which usesstate-of-the-arGaussiammixture, triphonebased Hidden Markov Model
(HMM) technology The besthypothesigproducedoy this one-passecognizeiis used
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to producea textual transcription,or annotationstream,from the downloadedaudio
files. Theannotatiorstreamconsistf the starttime andendtime of eachwordin the
transcript,andthe word itself. The audiofiles are segmentedin sucha way thatthe
speechrecognitioncanbe performedn parallelon differentportionsof the document.

A farmof workstationgied togetheiin aqueuingsystenrecognizegachportionof
thedocumentThus,evenif thespeectdecodeis notreal-time we canstill achieze sub
real-timethroughput.Whenall the portionsarerecognizedthe resultsareassembled
to createa fully annotatecdocument. Calistayields an error rate of about20% on a
single passsearchon the 1998 ARPA HUB4 evaluationcorpora[7] with an average
computationaload of 6 timesreal time on a CompaqDS20 EV6 Alpha processor
runningat 500 MHz. The productionsystemis composecdf a farm of 30 Compaq
AP500andProliant1850dual Pentiumll/Ill, 450MHz and600MHz, 256 Mb RAM,
runningLinux 6.0.

Whenthetranscriptionis availablewe replacethe speechrecognitionmodulewith
analignermodule. Its role is to provide time marksfor eachword of the input text.
We have developeda methodfor aligning transcriptsto very long audio sgments.
This methodis robustto occasionallyinaccuratdranscriptsmusicinsertionsor noisy
speech. The precisionmeasureds over 99% of words alignedwithin a 2 seconds
misalignment[8].

In othercaseghetranscriptioris only approximateThis maybedetectedvhenthe
alignermodulefails. Somewordsin the transcriptmight be missingor wrong words
might be inserted. Sometimeseven completesentencesight be missed. Following
theideasof [9] we build alanguaganodelusingall the availabletext in thetranscript
andthenrecognize¢heaudiousingthis model. Thistrainingprovidesalanguagenodel
thatis much more specificthangeneralbroadcashewvs modelswhile allowing some
freedomin the search. Becausehis modelis very restrictve and closeto the truth
it limits dramaticallythe searchspacefor the recognizerandyields lower word error
rates. However, sincewe are performingrecognition,not alignment,errorsare still
possible.

2.3 Librarian

Thelibrarian hastwo mainroles. It manageshe workflow of taskscarriedout by the
individual modules andit storesmeta-dataandotherinformationrequiredby theuser
interface.

The componenimodulesoften run on remotemachinesand do not communicate
directly. Eachprocesgegistersitself with the librarian andonceregisteredcan make
arequesfor work to perform. This includessuchtasksasspeectrecognition,text to
audioalignmentor insertionof text into the index. The outputof onetaskis usually
theinput for anotherandthe librariantracksthe locationof theseinputsandoutputs.
In this sensdhelibrarianis the brainof our system.

In additionto storingthe meta-datacollectedby the Transcodemodule thelibrar-
ian storesl0 secondclips’ of formattedtext for eachdocument.lt maintainsa map-
ping betweenword locationsfrom theindex, correspondingext clips, andthetime the
clip occursin themultimediadocument.The Ul usesthisinformationto constructthe
queryrespons@agedisplayedo theuser
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Thelibrarianis built on an Oraclerelationaldatabaseunningon Tru64 Unix 4.0.
Clientscommunicatewith thelibrarianvia a in-house cleartext protocolover soclet
connections.The useof a centralrepositoryfor sharedinformation allows a robust
distributedarchitecturevhich canscaleon demand.

2.4 Indexer

Theindexer providesanefficient catalogueof audioandvideodocumentdbasenthe
transcriptionproducedy the speectdecoder As well assupplyingthe userinterface
with alist of documentshatmatchausersquery theindexeralsoretrievesthelocation
of thesematcheswithin the documents.It doesthis usinga modified versionof the
AltaVistaqueryengine[1Q].

The indexer sortsthe matchesaccordingto relevance asdescribedn Section3.3.
We definerelevanceusingthetermfrequeng inversedocumenfrequeng (tf.idf) met-
ric [11], adjustedor the proximity of the termswithin the document.This sortingis
performedon boththelist of documentseturnedandthelist of matchlocations.In ad-
dition to thetranscriptionof the audio,we alsoindex the meta-dataf ary is available.
Boththelibrarianandtheindexerarebasedn the systendescribedn [12].

25 User Interface

The Web sener passeshe userqueriesto the indexer, readsbackthe list of matches,
retrievesthe associatedneta-datgrom the librarian, andformatsanddisplaysthe re-
sults. As part of this processi,t also performsthe advancedfunctionsdescribedn
Section4, suchas highlighting the matcheswithin the transcriptand expandingand
normalizingacroryms,abbreviationsandnumbers.

The Web sener returnsup to 20 pagesof up to 10 documentsachsortedby rel-
evance.Externallinks to the original audioandvideofiles aredisplayed aswell asa
link for eachdocumento a pagewith moredetails. This is shovn in Figure3 where
we presenthelook andfeel of a searclpagewith the queryPaul McCartney.

3 Performance Analysis

In thissectionwe obtainobjective measurementsf themaincomponentsf theSpeeb-
Bot system.We describehe performancef thetranscoderthe speechrecognitionen-
gine,theinformationretrieval engine(a combinationof the speectrecognitionoutput
andtheindexer) andthe Web sener.

3.1 Transcoder

The currentversionof the transcoderganhandlea variety of differentformatsboth
streamingand non streaming. Most of the documentsdownloadedhowever are Re-
alAudio encoded Transcodersunin parallelon afarmof 8 CompagAP400dual 400
MHz Pentiumll workstations256 Mb RAM, underWindows NT. Eachmachinecan
handle4 streamsn real-time leadingto a maximumthroughputf 768 downloadable
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Tip: Some of the search words may not appear in the transcript extract. Use the
“‘Show me more " link to view more relevant sections in the transcript

Sort results by:
Relevance »

Topics: [All Topics
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Website Date Extract from Transcript
{Transcripts based on speech recognition
are not exact)
?J Ann On-Line Dec 4, 1998 . ..through terrible story that the wheel paul
PLAY mccartney he be a and has been for
extract decades and that the nanny identified

himself as a pop it actually and..
Show me mare

» Fresh Air Apr 30, 2001 this is fresh air and terry gross my guest
PLAY may have been your favorite beatle paul
extract meccartney although the beatles broke up
about 30 years ago they still influence
fans..
Show me more
‘}) The Dec 21, 2000 ...times and the author of hards grumbled
PLAY Connection all sizes of sarajevo the rules are joined by
extract paul mccartney in american official with

the national endowment for democracy and
dahmer in..
Show me more

» Sightings on Dec 30, 1999 ...georgia to do well george harrison and

PLAY the Radio t:ar; thar: d?j well ﬁaul rlnct:artney Ehe;
extract ith Jeff shaking hands with paul mccartney an
i e and that picture but anyhow and there was
Rense that that meeting..

Show me mare

Apr 20, 1998 . tolerate them when linda mccartney in
the 1992 interview with the the salad went
to a song from paul mecartney is 1996

record claiming. ..

® Fresh Air
PLAY
extract

Show me mare

Figure3: View of thesearctpage

hoursof audioperday. Noticethatthe streamingformatscannotbe downloadedat a
fasterthanreal time rate sinceby designstreamingsenersfeedthe dataat real time
rates,notfastemor slower.

3.2 Speech Recognition

The speectrecognitionsystemhasbeentestedon randomlyselectedsegmentsfrom
several popularradioshows: Coastto Coastwith Art Bell, Dr LauraSchlessingelEd
Tyll, Rick Emersonandthe Motley Fool RadioShaw. Four 15-minutesegmentswere
selectedrom eachof five shavs for word errorrateanalysis.The majority of theaudio
streamsare encodedwith the 6.5 Kbps RealAudiocodec. A few audio streamsare
encodedat higherrates. After download,the audiois storedin a wav file sampledat
8 kHz. Acousticconditionsvary asshavs mayhave telephonecorversationscommer
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cials,severalpeopletalking simultaneouslyor musicin the background The selected
segmentsaretranscribednanually andthe transcriptionis usedto estimatethe Word
Error Rate(WER = (S + I + D)/T). WhereS, I, D andT' arethe numberof
substitutionsinsertions deletionsandtotal numberof wordsrespectiely.

We breakeachl5-minutetestsegmentinto smallerutteranceshataremoreeasily
handledby the recognizer Eachsegmentis brokeninto 30 seconddong subsgments
overlappingoy 5 secondsWe useastatistical3-gramlanguagenodeltrainedusingthe
DARPA broadcashews Hub-4 1998text corpora[7]. An n-gramstatisticallanguage
model gives the probability of the currentword given the previous n-1 words. Our
training sethasbeentrainedon a corpusof about100 millions words. It containsa
vocahulary of 64,000wordswhich correspondgo 4 million bigramsand 15 million
trigramsin thelanguagemodel.

Sincethe audio hasbeenencodedfor streamingpurposeswe have to adaptthe
acousticmodelsto the compression/decompressisoheme.We investigatedhe im-
pactof acousticadaptatiorby exploring two acoustianodelingapproachedn ourfirst
approachwe build acousticmodelsby training on 100 hoursof the BroadcasiNews
corpusprovided by LDC (Linguistic Data Consortium) [13] at its original 16 kHz
samplingratewith recordingstudioacousticquality. Whenusingthesemodelsthetest
datahadto beup-sampledo 16 kHz. The secondapproachusedmodelstrainedonthe
sametrainingcorpusbut afterbeingencodedisingthe 6.5KbpsRealAudiocodec.and
thendecodedo a samplingrateof 8 kHz. This encoding/decodingperationwasper
formedto reducethe acousticmismatchbetweerthe training corporaandthe testing
corpora.

Onthetestsetwe obsenedanimprovementin the averageword errorrate (WER)
from 60.5%for thefirst setof acousticmodelsto 49.6%whenthe 8 kHz RealAudio
encoded/decodemiodelswereused. Theseresultsarefor a systemwith 16 Gaussian
mixture componentper HMM stateand 6,000 sharedstates. Table 1 presentsull
resultsfor the 8 kHz RealAudiosystem.

As acomparisonthe Total Error Rate(TER) of television news andsportscaption-
ersis usuallybetweenl.5%and2.5% [14]. The TER is however measuredlightly
differentlyto the WER. The TER calculateghe proportionof errorsoverthetotal num-
ber of words. Errorsincludesmis-typedwordsand punctuationerrorswhich usually
donotoccurin transcriptiongieneratedby a speechrecognizer

Table1: SpeechRecognitionWER. 8 kHz RealAudiomodels,16 Gaussiammixture
componentperclusteredHMM 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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The Calistaspeechrecognizercanbe adjustedo tradeoff processingime for ac-
curag/ within certainlimits. We obsene that rangesbetween6 and 30 timeslonger
than real time on a Pentiumll, 450 MHz processomnderLinux give good accu-
ragy/processindime tradeofs for a productionsystem.The dominantparameters the
beamof the recognitionsearch.During recognition,hypothesesvith likelihoodless
thanthe beamare discardedreducingthe numberof calculationsrequired. Table 2
shaws the performancef the recognitionsystemasthis factoris adjusted.In produc-
tion modewe use8 Gaussiamixture componentger stateanda beamof 10-58. The
recognizerthenrunsat around13 timesreal time (XRT). Becausehe speectrecog-
nizeris parallelizedwhen running on archived data,and assumingan averageof 13
timesreal-time,we areableto processapproximatelyl10hoursof audioperdayona
farmwith 60 processors.

Table2: WER andspeedx RealTime) of speechrecognizeasafunctionof beamand
numberof Gaussians8 kHz RealAudiotrainedmodels

Number of | Beam | WER | xRT
Gaussians
16 10~%% | 49.6% | 23.2
16 10~°% | 51.5%| 18.5
8 10~%4 | 51.9% | 18.0
8 107 % | 53.0% | 14.5
8 10~58 | 53.9% | 13.0

3.3 Information Retrieval Perfor mance

The effectivenessf retrieval dependson a numberof factorssuchasthe compleity
of the queriesthelengthof the documentsthe size of the collection,the accurayg of
theautomatidranscriptionsandthe informationretrieval techniquesised.
Theretrieval performanceavasevaluatedon the public sitewith staticcontentsince
theindex needgo be stableduringthe testswhich last severaldays. We hadindepen-
dentandunbiasedestersevaluatea setof queriesselectedrom the list of 100 most
frequentlysubmittedqueries.Eachtesterperformed50 queriesandassessethe pre-
cisionof thetop shavs returnedfor each.The studywaslimited to thetop 20,10 and
5 shaws, basedon the assumptiorthat typical userstendonly to look at thefirst cou-
ple of pagesof theretrievedresults[15]. The querytermswereselectedrom the top
100 queriessubmittedto the public sitefrom Decemberlst,1999to March 1st,2000.
Thewordswereselectedsuchthatthey cover a large variety of topics,varyinglength
of words (phoneme-wise)and varying typesof words suchasacroryms and proper
nouns. The querieswere eithernounsor noun phrasesvith a maximumlengthof 3
words.ExamplequeriesareBill Clinton,InternetandY2K
Testergudgedtherelevanceof theretrieved documentdasedon a concepthit ap-
proach,i.e. adocumentwasconsideredelevantif andonly if the conceptdescribed
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in the querywaspresentn the retrieved document.To assessvhethera given result
wasrelevant,testergeadthetranscriptgeturnedwith the searchresultsof the detailed
pageand, for eachclip of the documentlistenedto the correspondingpartsof the
audioshowv. To evaluatethe retrieval results,we useda standardaverageprecision
metric[16]. We did not run the experimenton a standardestset,like TREC-SDR[3],
but ratheron real data(both audiocontent,and queries)wherethe diversity of audio
conditionand contentis very high. Unlike TREC evaluations,we do not know the
groundtruth of our index, sowe cannotmeasuraecall. We thereforemeasurepreci-
sionwhich still meaningfullyreflectshow well ourindex senesour users’information
needs.

Table3 presentsverageretrieval precisionnumbergor theabove describedexper
imentsfor two differentrankingfunctions.

Table3: Averageretrieval precisionfor whole documentsisingtwo 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 scoresdocumentausing a slightly-modified implementation
of analgorithmfor rankingdocumentsn large text index. FunctionA is calculated
usinganapproximatdermfrequeny inversedocumentfrequeng (tf.idf) metric[11],
combinedwith ascorebasedon the proximity of querytermsto eachotherandascore
basedon their locationwithin the document.For speedof searchthetermfrequeng
in the approximatetf.idf is calculatedasa stepfunction indicating whetherthe term
occursonceor morethanoncein the document.The proximity biashelpsto retrieve
documentsvith a multi-word querystring,evenif theuserdidn’t choosehethis exact
phraseoption. Locationwithin thedocuments calculatedsuchthattermscloserto the
beginningof adocumenteceve a higherscore.

Rankingfunction B scoresdocumentausinga true tf.idf metric, combinedwith a
scorebasedon the proximity of querytermsto eachother The biastowardsterms
occurringearlierin thedocumenis notincludedin functionB.

The retrieval performanceof the systemis betterthan expectedconsideringthe
accurag of thespeechdecoderin mary studiesdocumentetrieval hasbeenshovn to
be remarkablyresilientto the speectrecognizemword error rate. Recentexperiments
shav thataword errorrateof 30%reducesecallby 4% relative,andaword errorrate
of 50%reducest by only 10%r relative [17], [4]. Thereareseveral explanationgor
thesenumbers.First the querywords are often repeatedseveral timesduring a shav
andarethusmorelik ely to berecognized Secondthekeywordstendto belongerthan
stopwords(e.qg. a, the and...), sothe speechrecognitionsearchis moreconstrained
andtendsto performbetteronthesewords.Also, if therearemary wordsin thequery
missingoneor two of themmaystill permitretrieval of thedocument.
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Retrieval errorsweredueto severalreasonsFirst, insertionor substitutionrecog-
nition errorscausegquerywordsto appeaerroneouslyn thetranscripts Rankingfunc-
tion A is more sensitie to this type of error: we obsenred several caseswherean
insertionat the very beginning causedhe documento getanerroneouslhhigh score.
This type of falsealarmerrorrepresentsoughly half of the casef the appearancef
non-relezantdocumentsRankingfunctionB helpsto alleviatethis problemby weight-
ing termsequallythroughoutthe documentwithout usinga locality bias. This makes
intuitive sensewhen you considerthat an audio documentis lesslikely than a text
documento beabouta singletopic.

All of thewordsusedfor evaluationwerein the vocahulary of the speechrecogni-
tion engine thusthe averageprecisionmeasuredghouldbe viewed asan upperbound
performance.However, our Out Of Vocahulary (OOV) rateis very low (about1.2%
with a staticlanguagemodelbuilt in late 1999)andhasa minor impacton our recog-
nition performancelt is likely thatotherfactorssuchasacousticandlanguagemodel
mismatchandpronunciatiorinaccuraciesirethe maincontributorsto theword recog-
nition error rate. We have foundthatthe OOV of userqueries(12%)is considerably
higherthanthe speechrecognitionOQV. This rate hasclearly animplication on the
performanceof the systemsincea querywith aword thatis out of vocahulary do not
returnary valid hit [18].

The secondmain reasonfor a non-rele/ant documentto be retrieved is that the
querywordsarementionedut-of-context, or areinherentlyambiguousFor example,
thequeryaidsreturnedmary documentsvhichtalkedaboutaidsmeaninghelpsrather
thana disease.Theseproblemsmay be overcomeby introducinga notion of subject
popularity andintroducingbiasin the rankingschemg19].

Finally, documentsnay not be retrieved becauseof the ranking function itself.
Althoughtheseerrorsprobablycontribute to the performanceof the systemwe were
not ableto evaluatetheir impactbecauseave don't have a properlylabeledtestsetto
measuraherecall.

3.4 Web Site Performance

To estimateoverall performancen termsof speedas perceved by a user we used
automatedestscriptswhichfire thousandef queriesatthesiteoveracertainperiodof
time,andreadbacktheresults.Thescriptsmeasurgageviews perseconcandaverage
lateng. ThequerieusedarerealuserinputgatheredromthesitelogssinceSpeebBot
wentlive in Decemberl999. They aresubmittedin multiple parallelsequencewith
randomvariabledelaysto simulatelik ely real-world conditions.

The resultswere foundto be affectedby the frequeng of the querytermsin the
databasehy databasandindex size,andby the numberof CPUsavailablefor useby
the system. It is possibleto split component®f the SpeebBot systemover several
singleor multi-processomachinesn orderto increaseperformancewith a very large
database Performancerofiling usingDCPI [20] and our own logging tools shaved
that the main bottleneckswere usability featuresincluding acrorym expansionand
rankingof matcheswithin documentsPerformancémprovementsn theseareashave
resultedin anincreasedrom 5.83 pageviews persecondo 12.15 pageviews persec-
ond. Thetestsused3, 063 hoursof contentwith all componentsunningon a single
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CompagDS20AlphaSener EV6 (2 CPUs)andsimulated275 userswaiting an aver-
ageof 15 seconddetweerclicks. A site with this performancevould supportover 1
million hits perday.

Thefastestesultsto date 27 pageviewspersecondvith anaveragdateng of 0.76
secondswere obtainedwith no acrorym expansionor within-documentranking,and
a relatively small databas€200 hoursof content)with the librarian and the indexer
runningon a CompagAlphaSener 4100 with 4 processorand 2Gbytesof memory
andthe Ul runningon a separateaCompagAlphaSener 4100 with 4 processorand
2Ghytesof memory

We have alsoconductedpberformancdestsof the databasasa standaloneompo-
nentsinceit is a potentialbottleneckfor the systemwhenservingthe userinterface.
Thetestof the databaseomponentlonerunningon oneAlphaSener 4100with four
Alpha processorait 466MHz measured throughputof 29 usersessionger second,
equialentto 88 pagesper secondor 7.5 million pagesover a 24-hourperiod. These
performancesgrebetterthanthe presentatiorsener, whichgeneratesheHTML pages
ata maximumrateof about30 pagegpersecond[12].

4 Usability Studies

The usability of the site was extensively evaluatedandimproved. A group of seven
experiencedinternetusersaged18-50, most (five) with experiencewatchingvideo
contentor listeningto audio contenton the Web were eachobsened while they at-
temptedto achieve the samesetof goalsusinga SpeebhBotprototypesite. The goals
wereexpressedn the form of two scenarioswritten in termsof whatinformationthe
userwasto discover usingthesite,with eachscenariccoveringthetwo universalgoals
of searching:to make the widestpossiblesearchandto narrov down the resultsof a
search.Before actingout the scenarioseachuserwasasled to performa free-form
searchfor a subjectof their own choice. Userswere given no instructionon the use
of the site, andeachsessiortook a little over anhour. Userswereencouragedo talk
throughtheir thoughtprocesseandexpectationgprior to eachinteractionwith the site
andthencommenton the respons@btainedirom the site. Eachuseralsocompleteda
brief questionnaireat the endof the session.Thetrendsin behaior wereanalyzedo
determinghe majorfactorsto beimproved.

Althoughtheinterfaceis very similar to mosttext-basedsearchenginesusersen-
counteredseveral difficulties. Whenperformingmultiword searchesin generalusers
expectedo seeall querywordsin theresultswhichis notnecessarilyhe casedepend-
ing on how the searchhasbeenperformed.Interestingly evenregular AltaVista users
did not understandhe query syntax. For instance whenlooking for divorcein Dr.
Laura’sinterviews mostfirst tried laura divorce, cleveronesthentried laura+divorce,
but nobodytried +laura +divorce This problemwasaddressetly exposingthe possi-
blerelationshipdbetweersearchwords(all/any/phrase/Booleanin adropdown menu
and making all the default. Second,the syntaxfor querytermsis sometimeson-
intuitive. For example,usersmay type acrorymsin differentforms: USAor U.S.A,
but without specialprocessingnot all written formswill matchtheir spolken counter
part. To alleviate this problem,termslike abbreviations,acroryms, and numbersare
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now expandedcandnormalizedby the systemto acommonform for bothqueryingand
indexing. For instancethe number250 will betrainedandrecognizedastwo hundred
and fifty, probablybe searchedis250 andwill beindexedin its normalizedform as
250. Finally, the advancedsearchwasconfusingandprovided no additionalfunction-
ality otherthanBooleansearch.This wasthereforedroppedafteraddingthe Boolean
capabilityasa choiceonthe simplesearchpage.

Someimprovementgo the displayof resultswereindicatedby usertesting.High-
lighting the querywordswas essentialandgave the userstrongfeedbackon the rel-
evanceof the documentevenif the speectrecognitionoutputwassometimesardto
readand understand.Figure4 shavs a detailedsearchresultwherethe searchword
“clinton” is highlighted.

UserswantedguidanceonwhattopicscouldbesearchedTo addresshis,we added
alist of indexedshaows groupedby topic to thehomepage.

United States May 4, 2000

CDMPAQ STORE | PRODUCTS | SERVICES | SUPPORT | CONTACTUS | SEARCH
i
™ I L 'J'%'
SpeechBot _ 3
rabout SpeechBot *FAD *feedback *play problerns?
» Art Bell Dreamland Mar 4, 2000
PLAY 4hr 51 min
PROGRAM

Eind within this prograr * Mew Search * Search Tips

15 clips within this program ratch your search bill clinton

e | S || B L1 I o Sy UL

“ou are here
Clip 1 of 15

Display |30 seconds x

I don't miss the guys that 27 years on end and avoid 3 trade 3 months 4

months and that that a lot more to learn them and in a lot every day and that 1 PLAY
think if you notice if bill clinton came out to spend a week appeared that he cLIP
owes that to the company that bought these trees in a paper at 2 gift every

arnerican every day and a plan that would benefit from a little trees I've taught

hirn to get broken up to give any fermale tree sitters and it's it's 3 coed equal
opportunity to sit for & days but as we've had a an 11 year old appeared ...

Clips within this program in order of relevance

and that | think if you notice if bill clinton came out to spend a week j
Find
within Loak far: | Any of these words j
programi
FIND

Figure4: View of the ShowMe More

The accurag of the transcriptionappearedo be a problemtoo. For example,
on somecontentsuchas noisy or poorly articulatedspeechsegments,the output of
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the speechrecognitioncanbe very poor. A solutionto this problemis the subjectof
ongoingresearchLastly, useravereoftenfrustratedoy thereliability of theRealAudio
proxiesand seners. Our query senersare stableand responsre, but the audio has
to beenstreamedn from a variety of content-hostingsites, someof which are less
reliable.

A smallerin-housestudyon the public site waslater conductedn a groupof four
university studentso verify that the changesnadeprior to launchhad resohed the
original usability problems. This study shoved that most of the problemshad been
fixed, but that therewas a residualproblemwhen searchingwith multiple keywords
input. Dependingon how closelytogetheithewordswerespolkenin the original audio
documentusersstill occasionallyfound that the resultsdidn’t containall the search
wordsthey expected.To addresghis, we are currentlyinvestigatinga modificationto
make the default searcloptionbehare morelik e all thesewords nearby

5 Conclusions and future work

SpeehBotis thefirst audioindexing andretrieval systemfor the Weh It incorporates
speechrecognitiontechnologyand so is ableto operateboth with and without tran-
scriptions.The currentversionof the systemis capableof indexing up to 800 hoursof
audioperweek,andis configuredn suchaway thatit caneasilyscaleup on demand.
It hasgivenus a uniqueopportunityto testa spolen dataretrieval systemon a large
scale.Ourexperimentsshov acceptableetrieval accurag despitehigh recognitioner-
ror rates.This suggestshatindexing of audiodocument®ntheWebis feasiblegiven
thecurrentlevel of recognitionandretrieval technologies.

Thereis still roomfor mary improvementsThe OOV ratefor userqueriescouldbe
improvedby performingbettertext normalization.We arealsoplanningto investigate
indexing word cateyoriesand/orperformsubword basedretrieval. Speecirecognition
accurag can be increasedby providing specializedaudio models, vocahulary, pro-
nunciationdictionaries,and languagemodels. Acoustic modelscould be adaptedo
specificshavs. Languagenodelscould be trainedfor specificdomains like sportor
financial news. Finally, we planto updatethe recognitionvocaklulary, andimprove
word pronunciatiorfor propernouns.

ToimprovelR accurag, we areinvestigatinglifferentrelevancerankingalgorithms
andalternatve waysof indexing the outputof the speechrecognizeraswell asquery
and documentexpansionmethods. We also plan to improve the userinterfacesince
randomaccesgo multimediadocumentgaisesinterestingnen questionsaboutthe
efficiency of the currentdesign. A betterseggmentationof shavs could allow search
andretrieval of smallsectionsof audiorecordingghatcouldbelistenedto asawhole,
thusminimizing the navigationwithin adocumentFinally, we planto portthe speech
recognitionengineto otherlanguagessuchasFrenchandSpanish.
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