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ABSTRACT

Information retrieval from audio datais sharplydif-
ferentfrom information retrieval from text, not sim-
ply becausespeechrecognitionerrorsaffect retrieval
effectivenessput more fundamentallybecausef the
linear natureof speechand of the differencedn hu-
man capabilitiesfor processingspeechversustext.
We describeSCAN, a prototypespeectretrieval and
browsing systemthat addresseshesechallengesof
speectretrieval in anintegratedway. Ontheretrieval
side, we use novel documentexpansiontechniques
to improve retrieval from automatictranscriptionto a
level competitive with retrieval from humantranscrip-
tion. Giventheseretrieval results,our graphicaluser
interface,basedon the novel WYSIAWYH (“What
youseeis almostwhatyou hear”)paradigminferstext
formatting such as paragraphboundariesand high-
lightedwordsfrom acoustidnformationandinforma-
tion retrieval termscoredo helpusersnavigatetheer
rorful automaticranscription.This interfacesupports
informationextractionandrelevancerankingdemon-
strablybetterthansimple speech-alonaterfacesac-
cordingto resultsof empiricalstudies.

1. INTRODUCTION

To date, userinterfacesfor both text and speechre-
trieval systemshave focussedon search,where the
goalis simply to identify a rankedsetof text or au-
dio documentgelevantto the users query In text it
may be that, for more detailedinformation seeking,
userscaneasilyscanandbrowsetheretrievedtextsto
identify relevantregions.In aspeectcorpus however,
it is apparenthat userinterfacesproviding only (au-
dio) documentetrieval areinsufiicient. For instance,
astoryin theNIST BroadcasiNews corpuscanbeas
long as 25 minutes. Given the sequentialnatureof
speechit is extremelylaboriousto scanthroughmulti-
plelong storiesto obtainanoverview of theircontents,
or to identify specificinformationof directrelevance
within them. In addition to searchingfor relevant
documents,interfacesfor accessingspeecharchives
thereforealsoneedto supportiocal navigation within

JohnChoiandChristineNakatanimademportantcontritutions
to the SCAN systemand to the empirical evaluationsdescribed
here.

suchdocuments.Basedon two userstudiesto iden-
tify currentuserproblemsandstratgiesfor searching
speecharchives,we proposea new paradigmfor mul-
timodal userinterfacesto speechdata, and describe
empiricalevaluationof asystembuilt accordingo this
paradigm.

1.1. Initial Studies

To identify local browsing needswe conducteda se-
riesof empiricalstudies.First we studiedheary users
of acurrentmajorspeectharchving technologyvoice-
mail, to discover their needsand problems[7, 19].
Next, we comparedwo very simple speectbrowsers
empirically, to understandiserbehaior in informa-
tion retrieval tasksthat involved finding specificin-
formationandsummarizindarger chunksof informa-
tion [20, 10]. From our experiencedaudio brows-
ing/retrieval users,we identified primary needsand
difficulties with currenttechnology We learnedthat
scanning thatis, navigatingto the correctmessager
relevant part of the messageandinformation extrac-
tion, accessingpecificfactsfrom within the message
presentednajor difficulties for users. 72% of users
usuallytook notes,eitherfull-transcription or simpler
messagendexing, abstractingonly key pointsto be
usedaterto locatetheoriginalmessagé thearchie.
In our laboratorystudieswe foundthatsubjectexpe-
riencedseriousproblemswith local navigation, even
in avery smallspeectarchie of shortvoicemailmes-
sages. They could learn the global structureof the
archive but hadtroublerememberingndividual mes-
sagecontents. Information extractiontaskswere ex-
tremelyhard, particularlywhenmultiple factsneeded
retrieving, andusergepeatedlyeplayedmaterialthey
had just heard,suggestingporoblemswith remember
ing local messagstructure.

1.2. What You Seels(Almost) What You Hear

As a result of thesefindings, we proposeda new
paradigmfor speechretrieval interfaces: "what you
seeis (almost)what you hear” (WYSIAWYH) [18].
Thisis amultimodalapproachFigurel) basecnthe
notion of providing a visualanalogto the underlying
speech.



k114 F¥earch cam

L
2 HI'E A1 Thinga Core i derad 16

s h
HPE a1l Thi

1 ngs Cunes i derod CERET 11
9 LHN The Yurld Today WalHe Pl
Li AL Warld HAws Hrd IR 1
7 CHH Carly Primatine Hows Lo [
a4  HPR/TA] Harkeiploce agl Iz &
‘I LHN HAgrtl1nm HAWR HHIT1 4
IR CHH Tarly Priantdon Heus ARSIN a

waak

biab
dole .

polley

“Lhis was billedd us o miier

the lault et the preaident Inr belhg In drelsive amd werk”

prasident climion’s

INLIes [What ATo Mah Bale sa aboet 1] E1Ankan®s weak theaign poiicg SEAACH | CLEAR
RFEINT=
HiWHE I"HULH M Dale HIUKY  SLUKE LEHLIH  HIIS
HPE a11 Things Cursideroed BE/B7 1z 4.73 192.81 B8

bill
cinten's

WER Tranzeripts

veliey cumnpaiun address veu're uein Le ey o Tew minuies o pilel read o7 in and Lk
about them with palideal correspondent ellcabeth amald the ol gin thak senator dole eho sc o spatlight was castaslawhere

"i balisve Ihe ematican paople cared desply aboul how amaricana viewsd in the warld end i balieve the
pollcy frack recard of wedkness and n. decision and double lalk been In sommants
i diminished smarican cradibility end undermine american intarsel feiluree ol laadsrehip in Beia

Selrctinn | rngth: [ 1940 neeands

“such a5 cutting morth herea [acking a strateqic policy boward china and it can speak u. 5. absence the present han debake
OuEr MOt lanored natlon status tor ching have eroded american power and purpose I the pachic no doubt About pages then”

“hy the presvnee pelicy Wward north harca seem b b diddvguy fer lie sabie of disleque mel sraleyis visien esoperakien
plank and or tactcal word natn you saw In old adage f they dent know where you're golng ol neads icader™

ATET Labg Research

Slop fudiu Lluey Brosswr

Figurel: WYSIAWYH Browser

We use text formatting corventions (such as
headersand paragraphs}o take advantageof well-
understoodext corventionsand provide usefullocal
contet for speechbrowsing. The interfacepresents
two typesof visualinformation: anabstracoverview
and a formattedtranscript. This visual information
provides methodsfor usersto index into the original
speechldocumentsBy depictingthe abstracstructure
of anaudiodocumenin the overview, andby provid-
ing aformattedranscriptionwe hopedo makevisual
scanningand information extraction more effective,
addressinghe problemsof local navigationidentified
in our userstudies.We implementedhis paradigmin
a multimodaluserinterfaceto SCAN, describedbe-
low, andevaluatedour resultsin a comparisorwith a
simplespeecthinterface.

2. THE SCAN SYSTEM

SCAN operatedy sgmentingspeecldocumentinto
paratones or audio paragraphsysingacousticinfor-
mation, classifyingthe recordingconditionsfor each
segment (narrovbandor other) and employingauto-

maticspeechrecognition(ASR) on each.We combine
ASR resultsfor eachparatoneso that for eachaudio
documentwe have its correspondingerrorful) tran-
scription. Termsin eachtranscriptarethenindexedfor

subsequentetrieval by an adaptatiorof the SMART

informationretrieval systen{13].

2.1. Paratone Detection

The news storiesin our corpus may be up to 25
minuteslong. To segmentthesefor our speectrec-
ognizer aswell as for our end users,we traineda
CART [1] classifierto recognizeintonationalphrase
boundarieswhich can then be meged into intona-
tional paragraphsor paratones[6, 5]. The clas-
sifier was trained on the Boston Directions Corpus
(BDC) [4], which had previously beenhandlabeled
for intonationalboundariesusing the ToBI labeling
corventions[15, 12]. Acoustic featureswhich best
predictedntonationaboundariesn this dataincluded
fundamentafrequeny (F0), RMS enegy, andauto-
correlationpeaksandwerederived from the Entropic
WAVES pitch-trackerget _f 0. Thetwo bestclassi-
fiersonthe BDC corpusperformedat precision/recall



ratesof 0.92/0.74and0.95/0.71on a hand-labeledest
setfrom the TREC SDR corpus(230 secof an NPR
broadcastontaining88intonationalphrases).
Theclassifieris usedto sgmentthespeectstream
for therecognizetinto 'chunks' around20 mseclong,
by locating the closestintonationalphraseboundary
to this limit. We believe this is preferableto using
fixed-sizeunits,which canbegin or endwithin words,
or breakapartwordswhich shouldbe consideredo-
getherin the languagemodel. Currently thesesame
units are usedfor visual browsing and play-backin
the SCAN GUI. Betterchoiceof boundariedor these
paratonesan be madeusing simple pausalduration
information,for agivenspeakerthatis, longerpauses
arereliably correlatedwith topic beginnings[2, 3, 4].
However, it is difficult to find topicboundarieseliably
acrossspeakersjueto differencesn speakingate.

2.2. Classifying Channel Conditions

The intonational paratonesclassifiedby CART are
thenpassedo a simple Gaussian-mixture-baseths-
sifierthatdividestheminto wide-bandor narrav-band
speech.The TREC SDR datais labeledmorespecifi-
cally asto recordingconditions jncludinginformation
aboutbackgroundhoiseandmusic;however, previous
experimentsshaved that a simple wide- or narrow-
banddistinctionperformedaswell for recognitionpur-
posesasamorecomplex setof distinctions.

2.3. The Speech Recognizer

Our recognizeruses a standardtime-synchronous
beamsearchalgorithmoperatingon aweightedfinite-
state transducer[11, 9] representingthe context-
dependeng lexical and languagemodel constraints
and statistics of the recognition task. Context-
dependenphonesare modeledwith continuousden-
sity, three-stateleft-to-right hiddenMarkov models.
Statedensitiesare modeledby mixturesof up to 12
diagonal-ceariance Gaussiansover 39-dimensional
featurevectors(first 13 mel-frequeng cepstralcoef-
ficientsandtheir first andsecondime derivatives).

2.3.1. Lexicon

We usea 237,000word vocahulary including all the
wordsin SDR98trainingtranscriptcommorwordson
newswire of thesametime period,and5,000common
acroryms.

2.3.2. LanguageModels

We use a two-passrecognitionprocess. In the first
pass,we build word latticesfor all the speechusing
a minimal trigram languagemodelanda beamdeter
mined heuristicallyto provide word latticesof man-
ageablesize. In the secondpass,theseword lattices
are rescoredwith a more detailed4-gram language

model. The bestpathis extractedfrom the rescored
lattices. Both modelsare basedon the Katz back-
off technique[8] and are prunedusing the shrinking
methodof SeymoreandRosenfeld14].

2.3.3. ASRPerformance

Theperformancef our recognitioncomponenbnthe
TRECY7 test setwas 32.4% word error rate (WER).
This wasslightly betterthanthe 'medium error' tran-
scriptionsprovided by NIST in the TREC7 compe-
tition, althoughconsiderablyworsethan the 24.8%
WER of thetoprecognizeonthistestset.Despitethis
handicappur retrieval resultswerequite good,dueto
someinnovationsin expandingboth the queriesand
thedocumentsn our collection.

2.4. Thelnformation Retrieval System

We usea modified versionof the SMART informa-
tion retrieval systeni13] to performaudio document’
retrieval from automatictranscriptions. In SMART,
both documentsand queriesare representea@s term-
indexedweightvectors,anddocumentsetrievedfor a
gueryarerankedaccordingo theinnerproductof the
gueryanddocumenwectors.

User queriesare typically short, and enriching
such short querieswith words relatedto the query
(queryexpansion is a well-establishedechniquefor
improving retrieval effectivenes$16]. In brief, theini-
tial userqueryis first usedto locatesometop-ranked
documentshatarerelatedtio the userquery andwords
thatarefrequentin thosedocumentsrethenaddedo
thequery

We alsoperformdocumengxpansion to compen-
satefor someof the recognizers mistakes,adding
wordsthat“could have beenpresent’to theautomatic
transcriptionof eachnews story Wefirst taketheone-
bestrecognitionoutputfor a given story andusethat
asa queryitself on a larger text news corpus. From
the documentgetrieved, we identify thosetermsthat
appeatin therecognitionword lattice from which our
one-besbutputwasderived,andaddthetop 25% (up
to 50) new termsoccurringin at leasthalf the top 20
retrieved documentgo the transcriptionof that story,
Theprocesss describedn detailelsevhere[16].

We testedthe retrieval effectivenesof SCAN on
TREC-7SDRtrackdata[17]. Resultsshav thatwhen
retrieval is doneon automatictranscriptionsaverage
precisionis 0.4371,just 3.9% behindretrieval from
perfecttranscriptions.Documentexpansionremoves
thisdifferenceandretrieval from expandeddocuments
is at par with retrieval from humantranscriptionsat
0.4535. Query expansionimproves the retrieval ef-
fectivenesdfor all transcriptions. The averagepreci-
sionfor retrieval from humantranscriptionsmproves
to 0.5083.Thegainsfor retrieval from expandediocu-
mentsarestrongerandtheaverageprecisionmproves



to 0.5300— actuallysurpassingetrieval from human
transcriptiong0.5083)by 4.3%.

3. THEUSER INTERFACE

For eachstory, we makeuseof the(errorful) ASR tran-
scription, paratone segmentation, SMART-selected
query terms and their weightings, and SMART
relevance-rankedlocuments.The SCAN Ul (Figure
1) hasfour componentso accesshese:

e Thesearchcomponenprovidesrapid accesso
both the audioandtranscriptsof the setof po-
tentially relevantdocuments SMART retrieves
thesevia asearctpanelatthetop of thebrowser
Resultsare depictedin the “results' panelim-
mediatelybeloy, which presentsa relevance-
rankedlist of 10 audio documentswith addi-
tionalinformation,includingprogramnameand
story numbery date, relevancescore,length (in
seconds)andtotal hits (numberof instanceof
querywords)

e Thevisual overview componenprovideshigh-
level information aboutindividual audio docu-
ments,so userscan rapidly scanto locatepo-
tentially relevant regions. It shaws the query
termsthatappeaiin eachparatoneof the story.
Eachquerywordis color coded,andeachpara-
toneis representetdy a columnin a histogram.
The width of the column representghe rela-
tive lengthof thatparatone.The heightof each
columnin the histogramrepresentshe overall
gueryword density(numberof instance®f the
guerytermsnormalizedfor the paratondength)
within the paratone.Userscandirectly access
the speechor ary paratoneby clicking on the
correspondingolumnof the histogram.

¢ The automatictranscriptsupportsinformation
extraction, providing detailed,if sometimesn-
accurate,information aboutthe contentsof a
story Querytermsin the transcriptare high-
lightedandcolor-coded,usingthe samecoding
schemeusedin the overview panel. Userscan
play a given paratoneby clicking on the corre-
spondingparagraphin thetranscript.

e A simple play bar representsa single story,
whichusersanaccessandomlywithin thebar,
plusstartandstopbuttonsto controlplayfor this
componenandothers.

4. EMPIRICAL EVALUATION

To test our hypothesesaboutthe usefulnessof our
WYSIAWYH paradigmin supportingocal browsing,
we comparedhe SCAN browser with a control in-
terfacethat gave usersonly the searchpanelandthe
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player component. Subjectsperformedthree differ-
ent typesof tasks: relevancejudgmentsfor five sto-
ries retrieved for a query; finding simple facts; and
summarizatiorof a givenstoryin 4-6 sentencesThe
experimentaldesignwasrandomizedwithin subjects.
Twelve subjectswere given 4 of eachof the 3 task
types. For half they usedthe SCAN browser andthe
control browserfor the otherhalf. For eachquestion
we measuredutcomeinformation: time to solution
and quality of solution (asassessetly two indepen-
dentjudges);collectedprocessnformation (humber
type, target story, and durationof browsing and play
operations)We alsocollectedsubjectve data,includ-
ing subjectratingsof taskdifficulty andthe quality of
theautomatidranscriptfor the SCAN condition.Sub-
jectswereencouragedtb “think aloud” asthey carried
out the tasksand answered post-testsurney asking
aboutrelative taskdifficulty, how well the SCAN Ul
supporteceachtask,overall browserquality , how the
browsermight beimproved, quality of the transcript,
andwhatled themto evaluatethetranscriptpositively
or negatively.

We found that usersgenerally performedbetter
with the SCAN WYSIAWYH browserthanwith the
control,in termsof time to solution,solutionquality,
perceved taskdifficulty, and users'rating of browser
usefulness.With the SCAN browser peopleplayed



muchlessspeechalthoughthey executedmore play
operationsWe infer thatthe SCAN browserallowed
usersto play more selectvely. However, while the
SCAN Ul improved performancen the fact-finding
andrelevancerankingtaskssignificantly it did notim-
prove the summarizatiortask (asshowvn in Figures2
and3).

5. CONCLUSION AND FURTHER RESEARCH

SCAN currently provides a meansof finding and
browsing informationin a large speechdatabase.It
has been demonstratedo retrieve documentswith
high effectiveness. It also improves audio brows-
ing in two important tasks, fact-finding and docu-
mentrelevance-rankingwhencomparedwith simple
speech-onlprowsing. Next stepsto improve bothar
easareto identify relevantregionswithin retrieved au-
dio documents.

Our SCAN GUI doesnotappeato improve sum-
marization.We believe thatautomaticspeeclsumma-
rization, documentopic sggmentationand document
outlining may be importanttechniquego aid in audio
documensummarizatiory providing afirst approxi-
mationwhich userscanthenfleshout by selectve lis-
tening. We alsointendto improve the paratonedetec-
tor, by incorporatingrelative pausaldurationbetween
intonationalphrasesnto the presentatiorof our ASR
transcription,so that browsing can take advantageof
inferredtopic sggmentation.Additional stepswill in-
volvetakingour BroadcasNews browsingbeyondthe
NIST corpusto handlecurrentmaterialasit is broad-
cast. We alsoplan to apply techniquesievelopedfor
news storiesto a voicemaildomain;both projectsare
currentlyunderway
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