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ABSTRACT

Automatic summarisationof spoken audio is a fairly
new researchpursuit, in large part due to the relative
noveltyof technologyfor accuratelydecodingaudiointo
text. Techniquesthat accountfor the peculiaritiesand
potentialambiguitiesof decodedaudio(higherrorrates,
lackof syntacticboundaries)appearpromisingfor culling
summaryinformationfromaudiofor content-basedbrows-
ing andskimming. This papercombinesacousticcon-
fidencemeasureswith simpleinformationretrieval and
extractiontechniquesin orderto obtainaccurate,read-
able summariesof broadcastnews programs. It also
demonstrateshow extractedsummaries,full-text speech
recogniseroutputandaudiofiles canbeusefullylinked
togetherthroughanaudio-visualinterface. The results
suggestthat informationextractionbasedon statistical
informationcanproduceviable summariesof decoded
audio.

1. APPLICATION CONTEXT

Managingthiscontemporaryexplosionof audioandvideo
materialscallsfor intelligentstrategiesfor indexing,sum-
marisingand otherwisecondensingaudio-visual(a/v)
informationso that it canlater be accessedefficiently.
The summarisationtechniquespresentedin this paper
aredesignedto facilitatethefollowing applications:� Rapid digestionof materialcontainedin an au-

dio file (“executive summaries”).In suchappli-
cations,summariesshouldcontainasmuchof the
key informationfrom theoriginalaudioaspossi-
ble within a constrainedlength.� Content-basedbrowsing. Suchsummariesneed
to refer to, althoughnot necessarilycontainex-
tensive detailabout,all key informationwithin a
shortcompass.Thesesummariesarelinkedto the
correspondingportionsof thefull audiotranscrip-
tion sothatmoredetailcanberetrievedwhenfur-
therinformationis needed.� Reductionof incorrectinformationfromaudiotran-
scriptionsfor greateraccuracy in informationre-
trieval.

In orderto take into accountthe inherenterror rateof
recognisedspeechand the lack of information about

syntacticboundariesin audiofiles,weapproachtheprob-
lem of summarisingand retrieving audio information
from a statistical,rather than an NLP, point of view.
Textual informationextractiontechniqueswereadapted
to thedistinctivequalitiesof decodedaudio.Provensta-
tistical methodsin informationretrieval, suchasthose
usedin TREC-6 and 7 systems([7], [3]), were com-
bined with newer methodsin calculatingaudio confi-
dencemeasuresto extract summaryinformation from
speechrecogniseroutput. The most relevant portions
of decodedaudiowereextractedandthencombinedto
form a textual summary. Theextractedportionsof text
weretime-indexedinto theoriginal audiofile sothat1.
theoriginalaudioinformationcouldberetrievedand2.
thesummarycouldbepresentedsimultaneouslyastext
andasaudiousingana/v interface.

2. CORPORA

Thetrainingandtestmaterialconsistedof segmentsof
thefirst 95 files in theAmericanBroadcastNews (BN)
corpususedin theTREC6 SpokenDocumentRetrieval
(SDR)experiment.Thefiles wereinitially collectedin
1996by theLinguisticDataConsortiumfor theDARPA
Hub-4continuousspeechrecognitionproject.

TheLDC manuallylabelledtheBN files to separate
thesegmentsthatcontaintheactualnewsbroadcastver-
susthosethatcontainadvertisementsor musicwithout
speech;eachfile containsbetween9 and36 minutesof
spokennews.

The Abbot speaker-independentcontinuousspeech
recognitionsystemwasrun only over the spoken por-
tionsof theseaudiofiles to generatetheworkingcorpus
of decodedaudiodocumentsusedin thisstudy.1

Twenty-five additionalBN files weredecodedand
incorporatedfor theinformationretrieval testing,giving
a totalof 110files.

3. TYPES OF SUMMARIES

Threemajor typesof summary“phrases”weregener-
ated:

1Speechrecogniserperformancewas unreliable on advertise-
ments,whichusuallycontainmany non-speechsounds.



� N-grams. N-gramsare units of N consecutive
wordstakenfrom thedecodedaudio.Theseunits
arenotmarkedbyany syntacticorsemanticbound-
aries.In thesummariesgeneratedfor evaluation,
N rangedfrom 1 to 200words. WhenN=20, for
example,we could have the 20-gramconsisting
of the following 20 consecutive wordsextracted
fromtheMay15,1996broadcastof thePRNCNN
affiliate station:

DEVOTE FULL TIME TO HIS QUESTFOR THE WHITE

HOUSE[SIL] THIS DECISIONIS SEENBY SOMEAS A

POLITICAL GAMBLE� Utterances. Utterancesareconsecutivesegments
of audiodelimitedby manuallylabelledbound-
ariesmarkingspeakerand/orcontentchanges.The
above 20-gramis containedwithin the full utter-
ance:2

IN THE MEANTIME A BOLD AND STUNNING MOVE

BY PRESUMPTIVEG. O. P. PRESIDENTIAL NOMINEE

BOBDOLE[SIL] WHOANNOUNCEDHE ISRESIGNING

FROM THE SENATE TO DEVOTE FULL TIME TO HIS

QUESTFORTHE WHITE HOUSE[SIL] THIS DECISION

IS SEENBY SOMEAS A POLITICAL GAMBLE [SIL] AN

EFFORT TO RE ENERGIZEAND RE INVENT HIS LAG-

GING CAMPAIGN [SIL] THE THIRTY FIVE YEAR CON-

GRESSIONAL VETERAN SAID HE LEAVES CAPITOL

HILL WITH [SIL] MIXED EMOTIONS� Key Words. Key wordsarefrequentlyoccurring
singlewordunits(1-grams).They canbeusedas
a verysimpleform of topicspotting.

Summarieswere generatedon an m-summaryper
minutebasis,wherem couldbeinputon thecommand-
line or throughtheinterface.Althoughextractingmate-
rial basedon a criteriaof certainquantityof outputper
minuteof audiois somewhatartificial, it doesguarantee
thattheextractedinformationwill bespreadthroughout
theaudioprogramandnot beconcentratedin a single,
high-scoringsegmentof audio.

4. ADAPTATION OF STATISTICAL MEASURES

4.1. AcousticConfidence

A numberof acousticconditionscanaffect the quality
of a speechrecogniser’soutput,including:speechfrom
speakerswhoseaccentsdonotmatchtheacousticmod-
elswell, speechfrom femaleor child speakers(whose
speechspeaker independentsystemsdo not generally
handleasaccuratelyasspeechfrom adultmalespeak-
ers [3]), speechrecordedthrougha poor microphone,
speechcontainingmany outof vocabulary(OOV) words,
andspeechrecordedin thepresenceof backgroundnoise.
Becausetheseconditionscannot alwaysbeavoidedor
evenidentified,givenasetof acousticobservationsrecorded
undera setof unspecifiedconditions,we would like to
be able to determinethe effect of theseconditionson
therecognitionoutput.Evenwhenthespecificacoustic

2N-gramscanalsocrossutteranceboundaries;utterancebound-
arieswerenot consideredin extractingn-grams.

qualitiesof thespeechsignalareunknown,wecananal-
yse how well the acousticinput matchesthe acoustic
modelsto give usa measureof how reliabletherecog-
niser output is for that signal. We can then assigna
confidencemeasureto thespeechrecogniseroutputthat
tells us how likely the output is to have beencorrect.
Suchconfidencemeasuresindicatenumericallyhow well
theacousticinputmatchesacousticmodels.

In anHMM/ANN speechrecognisersuchasAbbot,
local probabilityestimatesfor a singleframeof speech
arecombinedto produceanoptimal (or nearlyoptimal
Viterbi estimated)statesequencethatexpressesthepos-
teriorprobabilityof alargerunit, suchasaphone,phone
sequence,or a word, given the setof acousticframes.
TheestimatedViterbi alignedposteriorprobabilityof a
word, W, given a seriesof acousticobservations,X =
1,2,...x,canbeexpressed
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HybridHMM/ANN systemslikeAbbothavebeenshown
to produceusefulestimatesof theposteriorphoneprob-
ability given acousticdata [8]; theseposteriorphone
probabilitiescan then be usedin calculatingacoustic
confidencemeasures[6], [11].

Gethin Williams and Steve Renalsat the Univer-
sity of Sheffield reportusingacoustic-basedconfidence
measuresderivedfrom theposteriorphoneprobabilities
of the Abbot HMM/ANN speechrecogniserto verify
speechrecognitionhypotheses[9], [10]. They define
the durationnormalisedposteriorprobability of a hy-
pothesisedword asthe productof the posteriorproba-
bility estimatesof theconstituentphones.Williams and
Renalsdeterminedexperimentallythatthey achievedthe
mostdiscriminatingmeasuresbynormalisingall phones
in a word by the durationof the entire hypothesised
word, ratherthan normalisingeachphoneconstituent
by its own duration[10]:
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Thisconfidencemeasurehastheadditionaladvantageof
beingstraightforwardto computewith valuesavailable
directly from thedecoderoutput.

For this study, we appropriatedthis measureto as-
sign an acousticconfidencemeasureto the single-best
recogniserhypothesisfor eachword lattice.

Forexample,thefollowingacousticconfidencemea-
sureswereassignedto erroneouslydecodedwordsfor
which therewasvery audiblenoisefrom a weatherhe-
licopter presentin the backgroundduring the acoustic
frames:3

THE -2.1729

3What wasreally saidwas“[a tornadois on the] GROUND GO
TO A BASEMENT....”



CONGO -1.9800
A -2.1042
TIME -1.4878
MACHINE -1.7930

Theseacousticconfidencemeasureswereconsiderably
lower thanthoseassignedassignedto thecorrectlyde-
codedwordsfrom alaterportionof thesamebroadcast:

THEY -0.6940
CAN -0.3401
DESTROY -0.5927
EVERYTHING -1.1479

demonstratingthatacousticconfidencemeasurescanhelp
discriminatecorrectfrom incorrectrecogniseroutput.

For thepurposeof judgingacousticconfidencesof
words, posteriorphoneprobability, the probability of
thephonegiventheobservedacoustics,wascalculated
for eachframe of speech. The framescorresponding
to eachword in theone-besthypothesiswereaddedto-
getherandnormalisedby theframelengthof thatword.
Thisscorewasthenassignedastheacousticconfidence
of thatword.4

Usedin combinationwith theinversefrequency scores
of thetypedescribedin section4.2,acousticconfidence
measureswerethebasisof judgementsto acceptor re-
ject words (or groupsof words) for inclusion in sum-
maries.Wordswereacceptedif theirscoresscoreswere
higherthanthethresholdsof thetypesdescribedin sec-
tion 4.3.

4.2. InverseFrequency

Inversefrequency valuesweredeterminedby thenum-
berof timesawordoccursin adocumentdividedby the
numberof timesit occurredin thelanguagemodeland
werenormalisedby documentlength[7].

Althoughin theorytheexistingbroadcastnewscor-
puscould be processedin bulk, to retainthe ability to
summarisesingledocumentsout of context, a language
modelthatdid notdependwholly on thevicissitudesof
the currentdocumentsetwasconsideredattractive. In
this work a languagemodelgeneratedfrom a 474,365
word frequency list from the Wall StreetJournalwas
used.5

4.3. Combining the Measures

Within thedocumenttobesummarised,individualwords
wereassignedscoresderived from a weightedsumof
their simpleinversefrequenciesandtheir phone-based
acousticconfidencevalues:GIHKJ�3�LNM.OQP.M+RSOQM "UT M.3:V�WYX[Z\HF]NV_^ T P.`�J�VFV_^U3�RSJ�a=Mb3:V0M

(4)
TheconstantZ wasgenerallysetto 1. Thevaluescho-
senfor the inversefrequency weight dependedon the

4TheC++programwrittento determinetheposteriorprobabilities
wasbasedoncodekindly providedby GethinWilliams.

5This languagemodelwasbuilt by GaryCookandJamesChristie
in theSpeech,Vision,andRoboticsgroupatCUED.See[4] for more
on the limitationsof spokendocumentlanguagemodelsandreasons
for usingwritten-text-basedmodelsinstead.

relativepriority givento frequency versusaccuracy. For
example,summariescouldbeproducedwith relatively
low errorratesby settingw to a very low valueandre-
lying on acousticconfidencealone;however, achieving
the lowest possibleerror rate (i.e. settingw to zero)
might not always be the priority in summarisation–
whenthe purposeis to includethe most importantin-
formation,a certainamountof inaccuracy might beac-
ceptable.

Training the frequency weight objectively wasnot
feasiblebecauseit dependedon summarisationpriori-
ties(uniqueversusfrequentinformation,precisionver-
susaccuracy, etc.),whicharenotpreciselyquantifiable.
External,humanevaluationof the summariesand er-
ror ratesgeneratedat differentweightsdeterminedthe
rangeof useful valuesfor alpha and the inversefre-
quency weight.

N-gramsandutteranceswereassignedscoresbased
on normalisedsumsof their constituentwords’ scores.
Thehighest-scoringn-gramsor utteranceswerechosen
for inclusion in summaries.User-specifiedthresholds
(the valueof n, the numberof phrasesperminute,the
minimumphrasescore,etc.) determinedthenumberof
phrasesextractedfor eachsummary.

In orderto combinethebestqualitiesof thecoher-
enceof longerunitsandthecontent-basedfocusof key
words,summariesconsistingof bothakey wordlist and
ann-gramor utterancelist weregeneratedfor testing.

4.4. Evaluation

Summariesareinherentlyhardto evaluatebecausethe
qualityof asummarydependsbothontheusefor which
it is intendedandon a numberof other, qualitative,hu-
manfactors,suchashow readableanindividualfindsa
summaryorwhatinformationanindividualthinksshould
be included in a summary. Automatically generated
summariesof textual material are often evaluatedby
subjectivecomparisontoexistinghuman-generatedsum-
mariesof thesamematerial[5]. However, withoutacor-
pusof existing summariesfor spoken audio, this kind
of evaluationwasnot feasiblefor thisstudy. Sincethere
wasnosinglegoodwayto evaluatethesummariesgen-
erated,threedifferentmethodswereusedfor evaluating
differentaspectsof thesummaries:� Theworderrorrate(WER)of thesummarieswas

measuredagainsthumantranscriptionsof theau-
dio. TheWERfor thesesummarieswasalsocom-
paredto that of the full recogniseroutput. The
WER provided a measureof how accuratethe
summarieswere,especiallyin comparisonto the
full recogniseroutput(i.e. theunsummarisedtran-
scription). SeeTable1 for baselineandaverage
values.� A survey wascompletedby volunteerswhoeval-
uatedseveraldifferenttypesof automaticallygen-
eratedsummaries.Thesurvey indicatedhow well
humansthoughtthe extractedinformation sum-
marisedthefull output.



1 utterance/min 10gram/min 30gram/min
11.3% 6.15% 9.78%
2010-grams/min full recogniser
3.42% 25.1%

Table1: Theaverageword error ratesfor 95 BN files.
Error rateswerenormalisedby thenumberof wordsin
thesummary(or by the full text’s lengthin thecaseof
thefull recogniseroutput).

� An informationretrieval testwasrunonthesum-
mariesto gain a measureof how well the sum-
mariesretainedthekey informationfrom thefull
output.

Asdiscussedin thesucceedingsections,theresultsfrom
all three testswere highly encouraging;theseresults
suggestthatinformationextractionusingconfidencemea-
suresis a promisingmethodfor audiosummarisation.

4.5. WER

Thedeclinein WERsfrom the full audiotranscription
of summariesof all lengthsgenerated(10-grams,30-
grams,utterances)is highly auspicious;it suggeststhat
theselectionheuristicis effectivein extractingsummary
informationthat is lesserror-pronethanthe full recog-
niseroutput;a lower errorrateimpliesa greaterdegree
of readability. Bothvisualinspectionandthesurvey re-
sultsbearout theseobservations.

Figure 1 shows that the error rate normalisedby
summarylengthincreaseswith thelengthof then-gram.
This indicatesthattheconfidencemeasuresaresuccess-
ful in picking out themostaccuratewords. Thelonger
the requiredconsecutive n-gramlength, the more in-
accuratewords that will have to be includedto get a
consecutive unit of thedesiredlength. The n-gramer-
ror rateapproachesthe global error rateof the file as
n approachesthe numberof wordsspokenperminute,
whichaveragesabout200wpm.
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Figure1: Averageerrorratesfor n-gramsrangingfrom
lengths1 to 100for 95decodedBN audiofiles.

4.6. Survey

Seven summariesof eachof five broadcastnews pro-
gramswerepresentedto subjectsfor evaluation. The
summariesweregeneratedasfollows:� key word list (only)� key wordlist + 1 10-gramperminute(low inverse

frequency weight)� key word list + 1 10-gramper minute (high in-
versefrequency weight)� key wordlist + 1 30-gramperminute(low inverse
frequency weight)� key word list + 1 30-gramper minute (high in-
versefrequency weight)� key word list + 1 utteranceper minute (low in-
versefrequency weight)� key word list + 1 utteranceper minute(high in-
versefrequency weight)

Thesummarieswereonly labelledwith thestorynum-
ber;noindicationwasgivenof how thesummarieswere
generated.The orderof the summariesfor eachstory
waschosenrandomly. Subjectswerealsogiventhefull
recogniseroutputfor purposesof comparison.

The universallypreferredsummarywas one utter-
anceperminutewith a low frequency weight(= higher
accuracy thanhigh frequency rate),with one30-gram
perminute,low frequency rate,aclosesecond.Subjects
commentedthat a 10-gramper minute was not quite
enoughinformationto get the ideaof a full minuteof
audio,but thatutterances(averagingjustover30words)
andthe30-gramscouldgive thegist of a minuteof au-
dio. (Several respondentsalso noted that they could
scana 30-gramor utterancein aboutthesameamount
of timeasa 10-gram.)

4.7. Information Retention

Theinformationretrieval indexing andsearchsoftware
producedby theCUEDHTK groupfor the1998TREC-
7 conferencewasusedto comparethe IR performance
of theoveralldecodedtext to thatof thesummaries.

The 49 IR queriesfrom the TREC-6Spoken Doc-
umentRetrieval testwereusedbecausethey were the
most objective methodavailable for IR evaluationof
thesesummaries.Thesequeriesarelessthanideal for
measuringhow much of the importantinformation is
retainedbecause,althoughsomeof the queriestarget
information locally importantin the documents,other
queriestargetdetailsthatarenot necessarilyimportant
(or even related)to the broad topics coveredin each
audiodocument.However, despitetheir shortcomings,
they dogivesomemeasureof informationretentionand
areconsequentlyincludedasan(albeit imperfect)eval-
uationmethod.

TheTREC-6SDRperformancewasevaluatedbased
on two metrics,ExpectedRun Length, the meanrank
at which the target documentwas found, when it was



Typeof Document ERL MRR
full recogniseroutput 6.61 0.678
30-gram+ key words 15.1 0.457
utterance+ key words 14.8 0.486

Table2: Resultsfrom theTREC-7test.

found,overall queries:

cd1e2f g8 h 9Di O
h

(5)

andMeanReciprocalRank,themeanof thereciprocal
rank at which the targetdocumentwasfound,whenit
wasfound,overall queries:

cd1e2f g8 h 9Di 2O h (6)

The averageperformancedegradesfrom the full-text
to the summarieswhenqueriesthat hingeon a single
words (usedonce in the audio) being retainedin the
summary. Even so, eachutteranceand30-gramsum-
maryretrieved2/3 thenumberof storiesin thetop five
that the full recogniseroutput did; that is, eachsum-
maryformathad26storiesat ranks1-5comparedto 39
for thefull-text.

Theseresults,shown in full in figure2 aresugges-
tivethatin themajorityof casesatleast,key information
is beingretainedin thesummaries;in fact, in somein-
stancesprecisionincreasesfromthefull-text to thesum-
maries.
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Figure2: Ranksof correctdocumentsusingtheTREC-

6 queries.

5. INTERFACE

The x-interface,xsummary, shown in Figure 3, was

writtentodemonstratehow summariesmightbebrowsed

andrelevantportionsof audioplayedback.6

xsummary allowsatopic-basedkey wordlist, user-

specifiedtypesof summariesandfull-text outputto be

6For text-only browsingespecially, thetextualportionof theinter-

facewould be easilyadaptedto web browsersby makingthe appli-

cationa Tclet,sothataccessto summarisedtext couldbestraightfor-

wardanduniversal.

connectedvisually so that the usercanbrowseandre-

trieve the text at differentlevelssimultaneously. When

a userclicks on a portion of the key word list, a sum-

mary, or the full text, therelevantsectionsof theother

windowsarehighlightedanddisplayedin thewindow.

Whena“Play” or “PlayHighlighted”buttonis clicked,

theinterfacecallsanappropriatescriptthatextractsthe

relevantsegmentof audioandplaysit. Within reason-

ablelimits, evenif anaudiotranscriptionor summaryis

not wholly accurate,theaudiocanalwaysberecovered

to give theexact information. Sincetheinterfacegives

theuserachoicebetweenplayingjust theextractedpor-

tions of the audio usedin the summariesand playing

larger portionsof the audio,we have in effect created

audiosummariesandaudio indexesin addition to the

text-basedones.

Muchof therecentwork in a/v informationretrieval

focuseson waysthattheinformationcanbelinkedand

presentedfor use[2], [1]. Devising usablevisual or

audio-visualinterfaces,if only to displaysummariesfor

visualbrowsingovertheweb,is conceptuallyimportant

becausesuchinterfacesare the most likely way sum-

mariseda/vmaterialswouldbeaccessed.This interface

in particularallows the levels of index, summary, and

text on one hand,and audio and visual on the other,

to be conjoined,so that the richnessof original infor-

mationis enhancedratherthanlost throughsummarisa-

tion. The interface’s multiple levelsof interconnected-

nessalsohelpstheusercopewith any lack of cohesion

from extractedsummaryphraseto extractedsummary

phraseby giving a context to all phrases.

6. CONCLUSIONS

Thesummarisationtechniquespresentedhereeffectively

selectphraseswith WER considerablylower thanfull

recogniseroutputWER, indicatingthat it is possibleto

extract theaccuratelyrecognisedinformationfrom au-

dio reasonablywell usingconfidencescoring.

Thesurvey wasan importantevaluationmethodin

termsof overall summaryperformancebothbecauseit

bestapproximatedstandardevaluationsof NLP sum-

marisationwork andbecauseit bestmimics how sum-

marieswould actuallybe of use. Survey respondents

indicatedthat thesummaries,includingkey word lists,

were reasonablyrepresentative of the contentsof the

full recogniseroutputandwereat leastminimally read-

able.

Interpretingthe IR resultsis not asstraightforward

asjudgingWERsor survey responsesbecausethis par-

ticular IR testwasnot especiallywell fitted to thesum-

marisationtask,but nonetheless,the IR testresultsap-

pearto bemoreencouragingthannot. A setof queries

moresuitedtomeasuringthecoreinformationcontained

in the storieswould likely be a bettermeasure;how-

ever, the fact thathalf of thesummarieswereretrieved

at ranksonethroughfive,about2/3 theperformanceof

thefull-recogniseroutput,suggeststhatinformationre-

tentionis at leastreasonableevenwith a testthatunder-

estimatesthesummaryperformance.

The interface demonstratedhow thesesummaries



Figure3: Screenshotof theTcl/Tk interface. Key wordsappearin theupperleft-handwindow, summariesin the
upperright-handwindow, andfull recogniseroutputin thebottomwindow.

might be usedasboth audioandvisual summariesof
audio. What it is difficult to tell from a printedpaper
is how mucheasierit is to browsesummariesvisually
when relevant sectionsof text can be highlightedand
scrolledappropriately, andwhensummaries,key word
lists, full-text output,andaudioaredynamicallytime-
alignedasthey arehighlighted.

The resultsfrom this study suggestthat statistical
techniquesthataccountfor bothaccuracy andfrequency
of wordscanbe usedto produceviable summariesof
decodedaudio. Thereis still muchwork to bedoneto
find theideal formatfor summariesandwaysto access
them,but thiswork hasmadeinroadsinto therathernew
field of decodedaudiosummarisationandalsopointsin
verypromisingdirections.
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