SUMMARISATION OF SPOKEN AUDIO THROUGH INFORMA TION EXTRACTION
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ABSTRACT

Automatic summarisatiorof spolen audiois a fairly
new researchpursuit, in large part due to the relative
novelty of technologyfor accuratelydecodingaudiointo
text. Technigueghataccountfor the peculiaritiesand
potentialambiguitiesof decodedudio(higherrorrates,
lackof syntactidboundariesappeapromisingfor culling
summaryinformationfrom audiofor content-basedrows-
ing andskimming. This papercombinesacousticcon-
fidencemeasuresvith simpleinformationretrieval and
extractiontechniquesn orderto obtainaccurateread-
able summariesof broadcashews programs. It also
demonstratelsow extractedsummariesfull-text speech
recogniseoutputandaudiofiles canbe usefullylinked
togetherthroughan audio-visualinterface. The results
suggesthatinformation extractionbasedon statistical
informationcan produceviable summarief decoded
audio.

1. APPLICATION CONTEXT

Managinghiscontemporargxplosionof audioandvideo
materialcallsfor intelligentstrateiesfor indexing, sum-
marisingand otherwisecondensingaudio-visual(a/v)
informationso thatit canlater be accesseefficiently.
The summarisatiortechniquegresentedn this paper
aredesignedo facilitatethefollowing applications:

e Rapiddigestionof materialcontainedin an au-
dio file (“executive summaries”).In suchappli-
cations summarieshouldcontainasmuchof the
key informationfrom the original audioaspossi-
ble within a constrainedength.

e Content-basetrowsing. Suchsummariesneed
to refer to, althoughnot necessarilycontainex-
tensve detailabout,all key informationwithin a
shortcompassThesesummariesirelinkedto the
correspondingortionsof thefull audiotranscrip-
tion sothatmoredetailcanberetrievedwhenfur-
therinformationis needed.

e Reductiorof incorrectinformationfrom audiotran-
scriptionsfor greateraccuray in informationre-
trieval.

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

Tony Robinson

CambridgdJniversity

Marianne Hickey Roger Tucker

Hewlett-PackardLaboratories
Filton Rd, Stoke Gifford
Bristol, BS126QZ, U.K.

mh@hplbhpl.hp.com
rcft@hplbhpl.hp.com

syntactidoundarie#n audiofiles,weapproachheprob-
lem of summarisingand retrieving audio information
from a statistical, ratherthan an NLP, point of view.
Textualinformationextractiontechniquesvereadapted
to thedistinctive qualitiesof decodedhudio.Provensta-
tistical methodsin informationretrieval, suchasthose
usedin TREC-6and 7 systemg([7], [3]), were com-
bined with newer methodsin calculatingaudio confi-
dencemeasureso extract summaryinformationfrom
speechrecogniseroutput. The mostrelevant portions
of decodedaudiowereextractedandthencombinedto
form atextual summary The extractedportionsof text
weretime-indexedinto the original audiofile sothat1.
theoriginal audioinformationcouldberetrievedand2.
the summarycould be presentegimultaneouslyastext
andasaudiousinganal/vinterface.

2. CORPORA

Thetraining andtestmaterialconsistedf segmentsof
thefirst 95 files in the AmericanBroadcastNews (BN)
corpususedin theTREC6 SpolenDocumentRetrieval
(SDR) experiment. The files wereinitially collectedin
1996by theLinguistic DataConsortiunfor theDARPA
Hub-4 continuousspeectrecognitionproject.

TheLDC manuallylabelledthe BN filesto separate
thesggmentghatcontaintheactualnensbroadcasver-
susthosethat containadwertisement®r musicwithout
speechpachfile containshetweer® and36 minutesof
spolennews.

The Abbot spealer-independentontinuousspeech
recognitionsystemwas run only over the spoken por-
tionsof theseaudiofiles to generateheworking corpus
of decodedaudiodocumentsisedin this study*

Twenty-five additional BN files were decodedand
incorporatedor theinformationretrieval testing,giving
atotal of 110files.

3. TYPES OF SUMMARIES

Threemajor typesof summary“phrases”were gener
ated:

1Speechrecogniserperformancewas unreliable on adwertise-
mentswhich usuallycontainmary non-speeclksounds.



e N-grams. N-gramsare units of N consecutie
wordstakenfrom the decodedaudio. Theseunits
arenotmarkedby ary syntacticor semanticound-
aries.In the summariegeneratedor evaluation,
N rangedfrom 1 to 200 words. WhenN=20, for
example,we could have the 20-gramconsisting
of the following 20 consecutie words extracted
fromtheMay 15,1996broadcastf thePRNCNN
affiliate station:

DEVOTE FULL TIME TO HIS QUEST FOR THE WHITE
HOUSEJSIL] THIS DECISIONIS SEENBY SOMEAS A
POLITICAL GAMBLE

e Utterances Utterancesreconsecutie sggments
of audiodelimited by manuallylabelledbound-
ariesmarkingspealerand/orcontentchangesThe
above 20-gramis containedwithin the full utter
ance?

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
EFFOR TO RE ENERGIZEAND REINVENT HIS LAG-
GING CAMPAIGN [SIL] THE THIRTY FIVE YEAR CON-
GRESSIOML VETERAN SAID HE LEAVES CAPITOL
HILL WITH [SIL] MIXED EMOTIONS

o KeyWords. Key wordsarefrequentlyoccurring
singleword units (1-grams).They canbe usedas
avery simpleform of topic spotting.

Summariesvere generatetbn an m-summaryper
minutebasiswherem couldbeinput onthecommand-
line or throughtheinterface.Althoughextractingmate-
rial basedbn a criteria of certainquantityof outputper
minuteof audiois somavhatartificial, it doesguarantee
thattheextractedinformationwill bespreadhroughout
theaudioprogramandnot be concentratedh a single,
high-scoringsggmentof audio.

4. ADAPTATION OF STATISTICAL MEASURES

4.1. Acoustic Confidence

A numberof acousticconditionscanaffect the quality
of aspeechrecognisess output,including: speecHrom
spealkerswhoseaccentsio not matchtheacoustianod-
elswell, speechfrom femaleor child spealers(whose
speechspealer independensystemsdo not generally
handleasaccuratelyas speechifrom adult male speak-
ers[3]), speechrecordedthrougha poor microphone,
speectrontainingmary outof vocalulary (OOV) words,
andspeechrecordedn thepresencef backgrounadhoise.
Becausdheseconditionscannot alwaysbe avoidedor

gualitiesof thespeectsignalareunknovn, we cananal-
yse how well the acousticinput matchesthe acoustic
modelsto give us a measuref how reliablethe recog-
niser outputis for that signal. We canthen assigna
confidencemeasureo thespeectrecogniseputputthat
tells us how likely the outputis to have beencorrect.
Suchconfidenceneasuresdicatenumericallyhow well
theacoustianput matchesacoustionodels.

InanHMM/ANN speechrecognisesuchasAbbot,
local probability estimatedor a singleframeof speech
arecombinedto producean optimal (or nearlyoptimal
Viterbi estimated¥tatesequencéhatexpresseshepos-
teriorprobabilityof alargerunit, suchasaphone phone
sequencegr a word, giventhe setof acousticframes.
TheestimatedViterbi alignedposteriomprobability of a
word, W, given a seriesof acousticobsenations,X =
1,2,...x,canbeexpressed

P k
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(1)
Hybrid HMM/ANN systemdik e Abbothavebeenshavn
to produceusefulestimate®f the posteriorphoneprob-
ability given acousticdata[8]; theseposteriorphone
probabilitiescan then be usedin calculatingacoustic
confidencaneasuref6], [11].

Gethin Williams and Steve Renalsat the Univer
sity of Shefield reportusingacoustic-basedonfidence
measuresdlerivedfrom the posteriorphoneprobabilities
of the Abbot HMM/ANN speechrecognisetto verify
speechrecognitionhypothese49], [10]. They define
the durationnormalisedposteriorprobability of a hy-
pothesisedvord asthe productof the posteriorproba-
bility estimate®f theconstituenphonesWilliams and
Renaldetermineaxperimentallythatthey achievedthe
mostdiscriminatingmeasureby normalisingall phones
in a word by the duration of the entire hypothesised
word, ratherthan normalisingeachphoneconstituent
by its own duration[10]:

1 s
Canost(Qk) = N —n Z log(p(Qk|$n)) (2)
CMyos
Canost = npftn(qk) (3)

Thisconfidenceneasurédastheadditionaladvantageof
beingstraightforvardto computewith valuesavailable
directly from thedecodeoutput.

For this study we appropriatedhis measureo as-
sign an acousticconfidencemeasurdo the single-best
recognisehypothesigor eachword lattice.

For example thefollowing acousticconfidencenea-
sureswere assignedo erroneouslydecodedvordsfor
which therewasvery audiblenoisefrom a weatherhe-

evenidentified givenasetof acoustiobsenationsrecorded jicopter presentin the backgroundduring the acoustic

undera setof unspecifiecconditions,we would like to
be ableto determinethe effect of theseconditionson
therecognitionoutput. Evenwhenthe specificacoustic

2N-gramscan also crossutteranceboundariesutterancebound-
arieswerenot consideredn extractingn-grams.

frames®

THE -2.1729

SWhatwasreally saidwas*“[a tornadois on the] GROUND GO
TO A BASEMENT...”



CONGO - 1. 9800

A -2.1042

TIME -1.4878
MACHI NE - 1. 7930

Theseacousticconfidencemeasuresvereconsiderably
lower thanthoseassignedssignedo the correctlyde-
codedwordsfrom alaterportionof thesamebroadcast:

THEY -0. 6940

CAN -0. 3401
DESTROY -0. 5927
EVERYTHI NG - 1. 1479

demonstratinghatacousticconfidenceneasuresanhelp
discriminatecorrectfrom incorrectrecogniseoutput.

For the purposeof judging acousticconfidence®f
words, posteriorphoneprobability, the probability of
the phonegiventhe obseredacousticswascalculated
for eachframe of speech. The framescorresponding
to eachword in the one-beshypothesisvereaddedto-
getherandnormalisedby theframelengthof thatword.
This scorewasthenassignedstheacousticconfidence
of thatword

Usedin combinatiorwith theinversefrequeng scores
of thetypedescribedn sectiord.2,acousticconfidence
measuresverethe basisof judgementgo acceptor re-
ject words (or groupsof words)for inclusionin sum-
maries.Wordswereacceptedf theirscorescoresvere
higherthanthethresholdof thetypesdescribedn sec-
tion 4.3.

4.2. InverseFrequency

Inversefrequeny valueswere determinedy the num-
berof timesaword occursin adocumentividedby the
numberof timesit occurredin thelanguagemodeland
werenormalisedoy documentength[7].

Althoughin theorythe existing broadcashews cor-
puscould be processedn bulk, to retainthe ability to
summariseingledocument®ut of context, alanguage
modelthatdid not dependvholly onthevicissitudeof
the currentdocumentsetwas consideredattractve. In
this work a languagemodelgeneratedrom a 474,365
word frequeng list from the Wall StreetJournalwas
used®

4.3. Combining the Measures

Within thedocumento besummarisedndividualwords
were assignedscoresderived from a weightedsum of
their simpleinversefrequenciesandtheir phone-based
acousticconfidencevalues:

w * inverse frequency + a * acoustic con fidence
4)

The constanty wasgenerallysetto 1. Thevaluescho-

senfor the inversefrequeny weight dependedn the

4The C++ programwrittento determinethe posteriomprobabilities
wasbasedn codekindly provided by GethinWilliams.

5This languaganodelwashuilt by Gary CookandJamesChristie
in the SpeechVision,andRoboticsgroupat CUED. See[4] for more
on thelimitations of spolen documentanguagemodelsandreasons
for usingwritten-text-basedmodelsinstead.

relative priority givento frequeng versusaccurag. For
example,summariesould be producedwith 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 mostimportantin-
formation,a certainamountof inaccurag mightbeac-
ceptable.

Training the frequeng weight objectively was not
feasiblebecauseét dependedn summarisatiorpriori-
ties (unigueversusfrequentinformation, precisionver-
susaccuray, etc.),which arenot preciselyguantifiable.
External, humanevaluationof the summariesand er-
ror ratesgeneratedht differentweightsdeterminedhe
range of useful valuesfor alphaand the inversefre-
queny weight.

N-gramsandutterancesvereassignedgcoresdased
on normalisedsumsof their constituentwvords’ scores.
The highest-scoringi-gramsor utterancesverechosen
for inclusionin summaries.Userspecifiedthresholds
(the valueof n, the numberof phrasegper minute,the
minimumphrasescore etc.) determined¢he numberof
phrase®xtractedfor eachsummary

In orderto combinethe bestqualitiesof the coher
enceof longerunitsandthe content-basetbcusof key
words,summariegonsistingof bothakey word list and
ann-gramor utterancdist weregeneratedor testing.

4.4. Evaluation

Summariesareinherentlyhardto evaluatebecausehe
quality of asummarydepend®othontheusefor which
it is intendedandon a numberof other, qualitative, hu-
manfactors,suchashow readableanindividual findsa
summanorwhatinformationanindividualthinksshould
be includedin a summary Automatically generated
summariesof textual material are often evaluatedby
subjectvecomparisoro existinghuman-generateslim-
mariesof thesamematerial[5]. However, withoutacor-
pus of existing summariedor spoken audio, this kind
of evaluationwasnotfeasiblefor this study Sincethere
wasno singlegoodway to evaluatethe summariegen-
eratedthreedifferentmethodsvereusedfor evaluating
differentaspect®f the summaries:

e Theworderrorrate(WER) of thesummariesvas
measurecgainsthumantranscription®f the au-
dio. TheWERfor thesesummariesvasalsocom-
paredto that of the full recogniserutput. The
WER provided a measureof how accuratethe
summariesvere,especiallyin comparisorto the
full recogniseoutput(i.e. theunsummarisettan-
scription). SeeTable 1 for baselineand average
values.

e A suney wascompletedoy volunteersvho eval-
uatedseveraldifferenttypesof automaticallygen-
eratedsummariesThesuney indicatedhow well
humansthoughtthe extractedinformation sum-
marisecthe full 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 errorratesfor 95 BN files.
Error rateswerenormalisedby the numberof wordsin
the summary(or by thefull text's lengthin the caseof
thefull recogniseputput).

e An informationretrieval testwasrun onthe sum-
mariesto gain a measureof how well the sum-
mariesretainedthe key informationfrom the full
output.

Asdiscusseth thesucceedingectionstheresultsfrom
all threetestswere highly encouraging;theseresults
suggesthatinformationextractionusingconfidencenea-
sureds a promisingmethodfor audiosummarisation.

4.5. WER

The declinein WERsfrom the full audiotranscription
of summariesof all lengthsgenerated10-grams,30-
grams,utterancesjs highly auspiciousijt suggestshat
theselectiorheuristicis effectivein extractingsummary
informationthatis lesserrorpronethanthefull recog-
niseroutput;alower errorrateimpliesa greaterdegree
of readability Both visualinspectiorandthesuney re-
sultsbearout theseobsenations.

Figure 1 shaows that the error rate normalisedby
summarylengthincreasesvith thelengthof then-gram.
Thisindicateghattheconfidenceneasurearesuccess-
ful in picking out the mostaccuratevords. Thelonger
the requiredconsecutie n-gramlength, the more in-
accuratewords that will have to be includedto geta
consecutie unit of the desiredlength. The n-gramer
ror rate approacheshe global error rate of the file as
n approacheshe numberof words spolen per minute,
which averagesabout200wpm.

Error rate normalised by summary length vs. one x-gram per minute
20 T T T

18

error rate (%)

2F —— all programs |

. . . . . . . . .
0 10 20 30 40 50 60 70 80 9 100
one x-gram per minute

Figurel: Averageerrorratesfor n-gramsrangingfrom
lengthsl to 100for 95 decodedN audiofiles.

4.6. Survey

Seven summarief eachof five broadcasnews pro-
gramswere presentedo subjectsfor evaluation. The
summariesveregenerateésfollows:

o key word list (only)

¢ key wordlist + 1 10-gramperminute(low inverse
frequeng weight)

e key word list + 1 10-gramper minute (high in-
versefrequeng weight)

e keywordlist + 1 30-gramperminute(low inverse
frequeng weight)

e key word list + 1 30-gramper minute (high in-
versefrequeng weight)

e key word list + 1 utteranceper minute (low in-
versefrequeng weight)

e key word list + 1 utteranceper minute (high in-
versefrequeng weight)

The summariesvereonly labelledwith the story num-
ber;noindicationwasgivenof how thesummariesvere
generated.The order of the summariedor eachstory
waschoserrandomly Subjectswverealsogiventhefull
recogniseoutputfor purpose®f comparison.

The universally preferredsummarywas one utter
anceperminutewith alow frequeng weight (= higher
accurag thanhigh frequeng rate), with one 30-gram
perminute,low frequeng rate,aclosesecondSubjects
commentedhat a 10-gramper minute was not quite
enoughinformationto getthe ideaof a full minute of
audio,but thatutterancegaveragingustover30words)
andthe 30-gramscould give the gist of a minuteof au-
dio. (Sereral respondentslso notedthat they could
scana 30-gramor utterancen aboutthe sameamount
of time asa 10-gram.)

4.7. Information Retention

Theinformationretrieval indexing andsearchsoftware
producedy theCUEDHTK groupfor the1998TREC-
7 conferencevasusedto comparethe IR performance
of theoveralldecodedext to thatof the summaries.
The 49 IR queriesfrom the TREC-6 Spolen Doc-
umentRetrieval testwere usedbecausehey werethe
most objectve methodavailable for IR evaluation of
thesesummaries.Thesequeriesarelessthanideal for
measuringhow much of the importantinformationis
retainedbecausealthoughsomeof the queriestarget
information locally importantin the documentspther
gueriestarget detailsthat arenot necessarilymportant
(or even related)to the broadtopics coveredin each
audiodocument.However, despitetheir shortcomings,
they do give somemeasuref informationretentionand
areconsequentlyncludedasan (albeitimperfect)eval-
uationmethod.
TheTREC-6SDRperformancevasevaluatedbased
on two metrics,ExpectedRun Length, the meanrank
at which the tamget documentwas found, whenit was



Type of Document ERL | MRR
full recogniseputput | 6.61 | 0.678
30-gram+ key words | 15.1 | 0.457
utterancer key words | 14.8 | 0.486

Table2: Resultfrom the TREC-7test.

found,overall queries:

1 N
Ezﬁ;m (5)

andMeanReciprocalRank,the meanof the reciprocal
rank at which the target documentwas found, whenit
wasfound,overall queries:

PEEE ! ©

i=1

The averageperformancedegradesfrom the full-text
to the summariesvhen queriesthat hinge on a single
words (usedoncein the audio) being retainedin the
summary Even so, eachutteranceand 30-gramsum-
mary retrieved 2/3 the numberof storiesin thetop five
that the full recogniseroutputdid; thatis, eachsum-
maryformathad?26 storiesat ranks1-5 comparedo 39
for thefull-text.

Theseresults,shavn in full in figure 2 aresugges-
tivethatin themajority of casestleast key information
is beingretainedin the summariesin fact,in somein-
stancegprecisionincreasefrom thefull-text to thesum-
maries.
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WE'RE NOW REFERRING TO IT A5 THE MATSU WALLEY FIRE <SIL:> IS
APPROXIMATELY FORTY TWO THOUSAND ACREES IN SISE THAT'S

mirute 2 start 130 576 stop 141 136

VALLEY BLAZE TODAY <S5TL> HIGH WINDS AND HIGHER HUMIDNITY HEAL
TH FLAMES B&CE THROUGHOUT THE MOENING AND THE AFTERENOON <SIL
> HIS EYES JENNIFER JOLLY <5IL» <5IL> JOINS US MOW <S5IL> OH
THE PHONE FROM THE FIERES

minute 3 start 204. 912 stop 214432

mirmute 4 start 259, 792 stop ZB8. 960

& CREDIT <3IL> <SIL> THE HATION'S TOP DISASTER RELIEF <SIL>
OFFICIAL WILL VISIT THE EIG LAKE FIRE AREZ THIS WEEKEND TO ¥
JEW DAMAGE FROM THE BLAERE <S5IL:> PRESIDENT CLINTON CALLED GOV
ERNOR ENOWLES TODAY FOR

minute 3 stact 180 240. 0p4

mirwte 4 start 240. 064 stop 300. 048
TO0 GET PERMISSION TO GO BACK TO THE STATE TO ALLOW THEM TO FLY TO PERMIT THAT WO
ULD GET IN SPENT THREE HOURS OM THEIR HOPPER T. AND WAS ANYEODY 'S5 GUESS A5 TO WH

Figure3: Screenshotof the Tcl/Tk interface. Key wordsappearin the upperleft-handwindow, summariesn the
upperright-handwindow, andfull recogniseputputin the bottomwindow.

might be usedas both audio and visual summariesof
audio. Whatit is difficult to tell from a printed paper
is how mucheasierit is to browse summariesrisually
when relevant sectionsof text can be highlightedand
scrolledappropriatelyandwhensummarieskey word
lists, full-text output,and audioare dynamicallytime-
alignedasthey arehighlighted.

The resultsfrom this study suggesthat statistical
techniqueshataccounfor bothaccurag andfrequeny
of words canbe usedto produceviable summariesof
decodechudio. Thereis still muchwork to be doneto

find theidealformatfor summariesandwaysto access

them,but thiswork hasmadeinroadsinto therathemew
field of decodedaudiosummarisatiomndalsopointsin
very promisingdirections.
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