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ABSTRACT

Information retrieval from audio datais sharplydif-
ferent from informationretrieval from text, not sim-
ply becausespeechrecognitionerrorsaffect retrieval
effectiveness,but morefundamentallybecauseof the
linear natureof speech,andof the differencesin hu-
man capabilitiesfor processingspeechversustext.
We describeSCAN, a prototypespeechretrieval and
browsing systemthat addressesthesechallengesof
speechretrieval in anintegratedway. On theretrieval
side, we use novel documentexpansiontechniques
to improve retrieval from automatictranscriptionto a
level competitivewith retrieval from humantranscrip-
tion. Given theseretrieval results,our graphicaluser
interface,basedon the novel WYSIAWYH (“What
youseeisalmostwhatyouhear”)paradigm,inferstext
formatting such as paragraphboundariesand high-
lightedwordsfrom acousticinformationandinforma-
tion retrieval termscoresto helpusersnavigatetheer-
rorful automatictranscription.This interfacesupports
informationextractionandrelevancerankingdemon-
strablybetterthansimplespeech-aloneinterfaces,ac-
cordingto resultsof empiricalstudies.

1. INTRODUCTION

To date,userinterfacesfor both text and speechre-
trieval systemshave focussedon search,where the
goal is simply to identify a rankedsetof text or au-
dio documentsrelevant to the user's query. In text it
may be that, for more detailedinformation seeking,
userscaneasilyscanandbrowsetheretrievedtexts to
identify relevantregions.In aspeechcorpus,however,
it is apparentthat userinterfacesproviding only (au-
dio) documentretrieval areinsufficient. For instance,
a story in theNIST BroadcastNews corpuscanbeas
long as 25 minutes. Given the sequentialnatureof
speech,it is extremelylaboriousto scanthroughmulti-
plelongstoriesto obtainanoverview of theircontents,
or to identify specificinformationof direct relevance
within them. In addition to searchingfor relevant
documents,interfacesfor accessingspeecharchives
thereforealsoneedto supportlocal navigationwithin

JohnChoiandChristineNakatanimadeimportantcontributions
to the SCAN systemand to the empirical evaluationsdescribed
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suchdocuments.Basedon two userstudiesto iden-
tify currentuserproblemsandstrategiesfor searching
speecharchives,weproposea new paradigmfor mul-
timodal userinterfacesto speechdata,and describe
empiricalevaluationof asystembuilt accordingto this
paradigm.

1.1. Initial Studies

To identify local browsing needswe conducteda se-
riesof empiricalstudies.First westudiedheavy users
of acurrentmajorspeecharchiving technology, voice-
mail, to discover their needsand problems[7, 19].
Next, we comparedtwo very simplespeechbrowsers
empirically, to understanduserbehavior in informa-
tion retrieval tasksthat involved finding specific in-
formationandsummarizinglargerchunksof informa-
tion [20, 10]. From our experiencedaudio brows-
ing/retrieval users,we identified primary needsand
difficulties with currenttechnology. We learnedthat
scanning, thatis, navigatingto thecorrectmessageor
relevant part of the message,and informationextrac-
tion, accessingspecificfactsfrom within themessage
presentedmajor difficulties for users. 72% of users
usuallytook notes,eitherfull-transcription or simpler
messageindexing, abstractingonly key points to be
usedlaterto locatetheoriginalmessagein thearchive.
In our laboratorystudies,wefoundthatsubjectsexpe-
riencedseriousproblemswith local navigation, even
in a verysmallspeecharchive of shortvoicemailmes-
sages. They could learn the global structureof the
archive but hadtroublerememberingindividual mes-
sagecontents.Informationextractiontaskswereex-
tremelyhard,particularlywhenmultiple factsneeded
retrieving, andusersrepeatedlyreplayedmaterialthey
had just heard,suggestingproblemswith remember-
ing localmessagestructure.

1.2. What You See Is (Almost) What You Hear

As a result of thesefindings, we proposeda new
paradigmfor speechretrieval interfaces: ”what you
seeis (almost)what you hear” (WYSIAWYH) [18].
This is amultimodalapproach(Figure1) basedon the
notionof providing a visualanalogto theunderlying
speech.



Figure1: WYSIAWYH Browser

We use text formatting conventions (such as
headersand paragraphs)to take advantageof well-
understoodtext conventionsandprovide useful local
context for speechbrowsing. The interfacepresents
two typesof visual information: anabstractoverview
and a formattedtranscript. This visual information
providesmethodsfor usersto index into the original
speechdocuments.By depictingtheabstractstructure
of anaudiodocumentin theoverview, andby provid-
ing aformattedtranscription,wehopedto makevisual
scanningand information extraction more effective,
addressingtheproblemsof local navigationidentified
in ouruserstudies.We implementedthis paradigmin
a multimodaluserinterfaceto SCAN, describedbe-
low, andevaluatedour resultsin a comparisonwith a
simplespeechinterface.

2. THE SCAN SYSTEM

SCAN operatesby segmentingspeechdocumentsinto
paratones, or audioparagraphs,usingacousticinfor-
mation,classifyingthe recordingconditionsfor each
segment(narrowbandor other)and employingauto-

maticspeechrecognition(ASR)oneach.Wecombine
ASR resultsfor eachparatoneso that for eachaudio
documentwe have its corresponding(errorful) tran-
scription.Termsin eachtranscriptarethenindexedfor
subsequentretrieval by an adaptationof the SMART
informationretrieval system[13].

2.1. Paratone Detection

The news stories in our corpus may be up to 25
minuteslong. To segmentthesefor our speechrec-
ognizer, as well as for our end users,we traineda
CART [1] classifierto recognizeintonationalphrase
boundaries,which can then be merged into intona-
tional paragraphs,or paratones [6, 5]. The clas-
sifier was trained on the Boston Directions Corpus
(BDC) [4], which hadpreviously beenhandlabeled
for intonationalboundariesusing the ToBI labeling
conventions[15, 12]. Acoustic featureswhich best
predictedintonationalboundariesin thisdataincluded
fundamentalfrequency (F0), RMS energy, andauto-
correlationpeaks,andwerederivedfrom theEntropic
WAVES pitch-trackerget f0. The two bestclassi-
fierson theBDC corpusperformedat precision/recall



ratesof 0.92/0.74and0.95/0.71ona hand-labeledtest
set from the TREC SDR corpus(230 secof an NPR
broadcastcontaining88 intonationalphrases).

Theclassifieris usedto segmentthespeechstream
for therecognizerinto 'chunks' around20mseclong,
by locating the closestintonationalphraseboundary
to this limit. We believe this is preferableto using
fixed-sizeunits,whichcanbegin or endwithin words,
or breakapartwordswhich shouldbe consideredto-
getherin the languagemodel. Currently, thesesame
units are usedfor visual browsing and play-backin
theSCAN GUI. Betterchoiceof boundariesfor these
paratonescan be madeusingsimplepausalduration
information,for agivenspeaker;thatis, longerpauses
arereliably correlatedwith topic beginnings[2, 3, 4].
However, it is difficult to find topicboundariesreliably
acrossspeakers,dueto differencesin speakingrate.

2.2. Classifying Channel Conditions

The intonationalparatonesclassifiedby CART are
thenpassedto a simpleGaussian-mixture-basedclas-
sifierthatdividestheminto wide-bandor narrow-band
speech.TheTRECSDRdatais labeledmorespecifi-
cally asto recordingconditions,includinginformation
aboutbackgroundnoiseandmusic;however, previous
experimentsshowed that a simple wide- or narrow-
banddistinctionperformedaswell for recognitionpur-
posesasamorecomplex setof distinctions.

2.3. The Speech Recognizer

Our recognizer uses a standardtime-synchronous
beamsearchalgorithmoperatingon a weightedfinite-
state transducer [11, 9] representingthe context-
dependency, lexical and languagemodel constraints
and statistics of the recognition task. Context-
dependentphonesaremodeledwith continuousden-
sity, three-state,left-to-right hiddenMarkov models.
Statedensitiesaremodeledby mixturesof up to 12
diagonal-covarianceGaussiansover 39-dimensional
featurevectors(first 13 mel-frequency cepstralcoef-
ficientsandtheirfirst andsecondtimederivatives).

2.3.1. Lexicon

We usea 237,000word vocabulary including all the
wordsin SDR98trainingtranscript,commonwordson
newswireof thesametimeperiod,and5,000common
acronyms.

2.3.2. LanguageModels

We usea two-passrecognitionprocess. In the first
pass,we build word latticesfor all the speech,using
a minimal trigramlanguagemodelanda beamdeter-
minedheuristicallyto provide word latticesof man-
ageablesize. In the secondpass,theseword lattices
are rescoredwith a more detailed4-gram language

model. The bestpath is extractedfrom the rescored
lattices. Both modelsare basedon the Katz back-
off technique[8] andareprunedusing the shrinking
methodof SeymoreandRosenfeld[14].

2.3.3. ASRPerformance

Theperformanceof our recognitioncomponentonthe
TREC7 test set was 32.4% word error rate (WER).
This wasslightly betterthanthe 'medium error' tran-
scriptionsprovided by NIST in the TREC7 compe-
tition, althoughconsiderablyworse than the 24.8%
WERof thetoprecognizeronthistestset.Despitethis
handicap,our retrieval resultswerequitegood,dueto
someinnovationsin expandingboth the queriesand
thedocumentsin ourcollection.

2.4. The Information Retrieval System

We usea modifiedversionof the SMART informa-
tion retrieval system[13] to performaudio`document'
retrieval from automatictranscriptions. In SMART,
both documentsandqueriesarerepresentedas term-
indexedweightvectors,anddocumentsretrievedfor a
queryarerankedaccordingto theinnerproductof the
queryanddocumentvectors.

User queriesare typically short, and enriching
such short querieswith words relatedto the query
(queryexpansion) is a well-establishedtechniquefor
improving retrievaleffectiveness[16]. In brief, theini-
tial userqueryis first usedto locatesometop-ranked
documentsthatarerelatedto theuserquery, andwords
thatarefrequentin thosedocumentsarethenaddedto
thequery.

We alsoperformdocumentexpansion, to compen-
sate for someof the recognizer's mistakes,adding
wordsthat“could have beenpresent”to theautomatic
transcriptionof eachnewsstory. Wefirst taketheone-
bestrecognitionoutputfor a givenstoryandusethat
asa query itself on a larger text news corpus. From
the documentsretrieved,we identify thosetermsthat
appearin therecognitionword latticefrom whichour
one-bestoutputwasderived,andaddthetop 25%(up
to 50) new termsoccurringin at leasthalf the top 20
retrieveddocumentsto the transcriptionof thatstory.
Theprocessis describedin detailelsewhere[16].

We testedtheretrieval effectivenessof SCAN on
TREC-7SDRtrackdata[17]. Resultsshow thatwhen
retrieval is doneon automatictranscriptions,average
precisionis 0.4371,just 3.9% behindretrieval from
perfecttranscriptions.Documentexpansionremoves
thisdifferenceandretrieval from expandeddocuments
is at par with retrieval from humantranscriptions,at
0.4535. Query expansionimproves the retrieval ef-
fectivenessfor all transcriptions.The averagepreci-
sionfor retrieval from humantranscriptionsimproves
to 0.5083.Thegainsfor retrieval fromexpandeddocu-
mentsarestronger, andtheaverageprecisionimproves



to 0.5300— actuallysurpassingretrieval from human
transcriptions(0.5083)by 4.3%.

3. THE USER INTERFACE

For eachstory, wemakeuseof the(errorful)ASRtran-
scription, paratonesegmentation, SMART-selected
query terms and their weightings, and SMART
relevance-rankeddocuments.The SCAN UI (Figure
1) hasfour componentsto accessthese:

� Thesearchcomponentprovidesrapidaccessto
both the audioandtranscriptsof the setof po-
tentially relevantdocuments.SMART retrieves
thesevia asearchpanelatthetopof thebrowser.
Resultsare depictedin the `results' panel im-
mediatelybelow, which presentsa relevance-
rankedlist of 10 audio documents,with addi-
tionalinformation,includingprogramnameand
story number, date,relevancescore,length (in
seconds),andtotal hits (numberof instancesof
querywords)

� Thevisualoverview componentprovideshigh-
level informationaboutindividual audiodocu-
ments,so userscan rapidly scanto locatepo-
tentially relevant regions. It shows the query
termsthatappearin eachparatoneof thestory.
Eachqueryword is color coded,andeachpara-
toneis representedby a columnin a histogram.
The width of the column representsthe rela-
tive lengthof thatparatone.Theheightof each
columnin the histogramrepresentsthe overall
queryword density(numberof instancesof the
querytermsnormalizedfor theparatonelength)
within the paratone.Userscandirectly access
the speechfor any paratoneby clicking on the
correspondingcolumnof thehistogram.

� The automatictranscriptsupportsinformation
extraction,providing detailed,if sometimesin-
accurate,information about the contentsof a
story. Query termsin the transcriptare high-
lightedandcolor-coded,usingthesamecoding
schemeusedin the overview panel. Userscan
play a givenparatoneby clicking on the corre-
spondingparagraphin thetranscript.

� A simple play bar representsa single story,
whichuserscanaccessrandomlywithin thebar,
plusstartandstopbuttonsto controlplayfor this
componentandothers.

4. EMPIRICAL EVALUATION

To test our hypothesesabout the usefulnessof our
WYSIAWYH paradigmin supportinglocal browsing,
we comparedthe SCAN browser, with a control in-
terfacethat gave usersonly the searchpanelandthe

task
�

m
ea

n 
of

 ti
m

e

30
0

40
0

50
0

60
0

fact
�

relevance summary

   browser

graphical
basic

Figure2: SolutionTime for EachTask

asrtask

m
ea

n 
of

 a
sr

su
cc

es
sc

at
s

0.
8

1.
0

1.
2

1.
4

1.
6

1.
8

fact
�

relevance summary

   asrbrowser

graphical
basic

Figure3: SolutionQuality for EachTask

player component. Subjectsperformedthreediffer-
ent typesof tasks: relevancejudgmentsfor five sto-
ries retrieved for a query; finding simple facts; and
summarizationof a givenstory in 4-6 sentences.The
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 measuredoutcomeinformation: time to solution
andquality of solution(asassessedby two indepen-
dent judges);collectedprocessinformation(number,
type, target story, anddurationof browsingandplay
operations).We alsocollectedsubjectivedata,includ-
ing subjectratingsof taskdifficulty andthequalityof
theautomatictranscriptfor theSCAN condition.Sub-
jectswereencouragedto “think aloud”asthey carried
out the tasksandanswereda post-testsurvey asking
aboutrelative taskdifficulty, how well the SCAN UI
supportedeachtask,overall browserquality , how the
browsermight be improved,quality of the transcript,
andwhatled themto evaluatethetranscriptpositively
or negatively.

We found that usersgenerallyperformedbetter
with the SCAN WYSIAWYH browserthanwith the
control, in termsof time to solution,solutionquality,
perceived taskdifficulty, andusers'ratingof browser
usefulness.With the SCAN browser, peopleplayed



muchlessspeech,althoughthey executedmoreplay
operations.We infer that theSCAN browserallowed
usersto play more selectively. However, while the
SCAN UI improved performancein the fact-finding
andrelevancerankingtaskssignificantly, it did not im-
prove the summarizationtask(asshown in Figures2
and3).

5. CONCLUSION AND FURTHER RESEARCH

SCAN currently provides a meansof finding and
browsing information in a large speechdatabase.It
has been demonstratedto retrieve documentswith
high effectiveness. It also improves audio brows-
ing in two important tasks, fact-finding and docu-
mentrelevance-ranking,whencomparedwith simple
speech-onlybrowsing. Next stepsto improve bothar-
easareto identify relevantregionswithin retrievedau-
dio documents.

Our SCAN GUI doesnotappearto improve sum-
marization.Webelieve thatautomaticspeechsumma-
rization, documenttopic segmentationanddocument
outliningmaybeimportanttechniquesto aid in audio
documentsummarizationby providing afirst approxi-
mationwhichuserscanthenfleshout by selective lis-
tening.We alsointendto improve theparatonedetec-
tor, by incorporatingrelative pausaldurationbetween
intonationalphrasesinto thepresentationof our ASR
transcription,so that browsingcantakeadvantageof
inferredtopic segmentation.Additional stepswill in-
volvetakingourBroadcastNewsbrowsingbeyondthe
NIST corpusto handlecurrentmaterialasit is broad-
cast. We alsoplan to apply techniquesdevelopedfor
news storiesto a voicemaildomain;bothprojectsare
currentlyunderway.
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