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Abstract

We presentresultsof an empirical study of the usefulnesof

differenttypesof featuresin selectingextractve summarief

news broadcast$or our BroadcastNews SummarizatiorSys-

tem. We evaluatelexical, prosodic, structuraland discourse
featuresaspredictorsof thosenewns segmentswhich shouldbe

includedin a summary We shav that a summarizatiorsys-
temthat usesa combinationof thesefeaturesetsproduceshe

most accuratesummaries,and that a combinationof acous-
tic/prosodicandstructuralfeaturesareenoughto build a ‘good’

summarizewhenspeectranscriptions not available.

1. Intr oduction

Most text-basedsummarizatiorsystemsely uponlexical, syn-
tactic, and positionalinformation in determiningwhich seg-
mentsto includein a summary News broadcastsontainaddi-
tional sourcef informationthattext news storiestypically do
not, includingthe broadcasstructureandacousticandprosodic
information. While someproposedspeectsummarizatiorsys-
temshave investigatedsubsetof thesetext-basedand speech-
basedfeatureq4, 5], therearemary new featuresto consider
And, to date,no study hasexaminedthe relative contribution
of differentfeatureclasses— lexical, structural,prosodicand
discourse— aspredictorsfor extractive summarizationin this
paperwe proposenew typesof featuresn somecateyoriesand
compareandcontrastheutility of thedifferentfeaturetypesfor
the summarizatiorof BroadcastNews stories.

In Section2 we describehe corpuswe useto train andtest
extractive summarizatiorof news storieson. We describethe
featureswe useandthe typesof machinelearningalgorithms
we we have investigatedor our classi cationtaskin Section3.
We thendescribeour evaluationexperimentsin Section4 and
presenpurresults.In Section5 we presenburconclusionsand
discussuturework.

2. The Corpusand Annotations

Oursummarizatiosysten{11] currentlyoperate®n Broadcast
News shaws from the TDT-2 corpus. It takesaudio les and
manualor automatidranscriptasinputandpresentanoutline
of thenews broadcasin a GUI interface ,which allows usersto
searchthenewvscastdy content(transcriptionsaretime-aligned
to theaudio)andto accessummarie®f news stories.

To build this system,we use 216 storiesfrom 20 CNN
shaws from the TDT-2 [17] corpus. This includes10 hours
of audiodata. We usedmanualtranscripts DragonASR tran-
scriptsandaudio les of eachshaw for trainingandtest. Extrac-
tive summariesveregeneratedor eachstoryin theshav where

storieswereannotatedby thesameannotatarManualtranscrip-
tions of 96 shaws werefurther annotatedvith namedentities,

openingsand closings,headlinesjnterviens and sound-bytes,
following a labelingmanualwhich followed ACE conventions
for namedentities.We malke usealsoof sentenceturnandtopic

segmentatioravailablein TDT-2.

Extractve summarizatiorconsistsof extracting segments
from original text or audio "documents'and combiningthese
to createa humanreadable/audible/vigable summary{9]. Al-
thoughnon-etractive summarizatiorsystemsare a viable ap-
proachin thetext domain,generatre summarie®f spolendoc-
umentsmust be producedin text or text-to-speechsynthesis,
in either caselosing the non-leical informationin the origi-
nal. Hence,in our work on spolen documentsummarization,
we have chosento extract summariefrom sentencesegments
identi ed in thenewscast.We view extractive summarizatioras
abinaryclassi cationproblemin which we determinewhether
asegmentshouldbeincludedin thesummaryor not. Below we
describehefeaturesve useto classifysentencew beincluded
in asummaryandthemethodwe useto identify suchsentences.

3. Featuresand Method

In this sectionwe describehefeatureclassesve useto predict
sentenceso be extractedand our methodfor selectingthem,
includinglexical, structural prosodicanddiscoursdeatures.

3.1. Lexical Features

The lexical featureswe experimentedwith include countsof
person names(NEI), organization names(NEII), and place
names(NEIIl) for eachsentence.We alsoincludedthe total
number of named entities in a sentenceas a feature,in ad-
dition to the number of words in the current, previous and
following sentence

Someof thesefeaturedik e namedentitieshave previously
beentestedin othersummarizatiorsystemg15, 4]. Oneof our
ndings is theimportanceof namedentity features Unlike text
news, in broadcastanultiple storiesarepresentedh onebroad-
cast,with eachstory containingits own distinctive namedenti-
ties. While thesenamedentitiesmaynotberepeatedrequently
over the broadcastthey areimportantcluesto the selectionof
summarysegmentswithin astory For example,asentenceon-
taining mary namedentitiesin the introductionof a story by a
news anchoroftenrepresentanoverview of thestoryto bepre-
sentedand,thus,is oftenincludedin a summary

Ourfeatureselectioralgorithmselectgotal numberof NEs
andnumberof wordsin the sentencasparticularlyusefulfea-
turesfor predicting sentencego be includedin a summary
For our currentpurposeswe have assumedhat we can ob-



tain accuratenamedentity labelsfrom systemssuchasBBN's
IdentiFindef™ [13].

3.2. Prosodic/AcousticFeatures

Theintuition behindusingprosodic/acoustifeaturegor speech
summarizationis basedon well-found researchin speech
prosody[6] thathumansauseintonationalvariation— expanded
pitch range, phrasingor intonationalprominence— to mark
theimportanceof particularitemsin their speechln Broadcast
News, we notethatachangen pitch,amplitudeor speakingate
may signaldifferencesn therelative importanceof the speech
segmentproducedy anchorandreporters— theprofessional
speakrsin our corpus.Thereis alsoconsiderablevidencethat
topic shift is marked by changesn pitch, intensity speaking
rate and durationof pause[7, 16], and new topics or stories
in broadcashews areoftenintroducedwith content-ladersen-
tenceswhich, in turn, oftenareincludedin storysummaries.

Prosodic/Acoustifeatureshave beenexaminedin research
on speechsummarizatiori5] andinformation extractiontasks
[16]. Our acousticfeature-seincludesfeaturesmentionedin
[5, 4] aswell asnew acousticfeatures. It includesspeaking
rate (the ratio of voicedtotal frames); FO minimum, max-
imum, and mean FO range and slope minimum, maxi-
mum, and mean RMS enemy (minDB, maxDB, meanDB);
RMS slope(slopeDB);sentenceduration (timeLen= endtime
- starttime).We extractedthesefeaturesy automaticallyalign-
ing theannotatednanualtranscriptor the ASR transcriptswith
the audio source. We then usedPraat[3] to extract the fea-
turesfrom the audio and experimentedwith both normalized
andraw versionsof each. Normalizedfeatureswvere produced
by dividing eachfeatureby theaverageof thefeaturevaluesfor
eachspeakr, wherespealer identify wasdeterminedrom the
Dragonspealkr segmentatiorof the TDT-2 corpus.Normalized
acousticfeaturegperformedbetterthanraw values.

Our duration feature, “sentenceduration’, representshe
lengthin secondwf the sentence.Our motivation for includ-
ing this featuress twofold: Very shortsegmentsarenot likely
to containimportantinformation. On the otherhand,very long
segmentsmay not be usefulto includein a summary simply
for concernsaboutproviding over-long summariesThislength
featureis canaccommodatdothtypesof information. We ob-
tain sentencdengthby subtractinghe endfrom the starttime
for eachsentence.

Our featureselectionalgorithm nds thattimeLen,minDB
andmaxDB are particulardiscriminatory while pitch features
are,curiously amongthe leastusefulof theacousticfeatures.

3.3. Structural Features

BroadcastNews programsexhibit similar structure particularly
broadcastsf thesameshawv from thesamenews channel Each
usually begins with an anchoror anchorsreportingthe head-
lines,followedby the actualpresentatiomf thosestoriesby the
anchory reporters,and sometimesntervievees. Programsare
usually concludedin the samecorventionalmanner We call
thefeatureswvhichrely uponaspect®f this patterningandfrom
the overall structureof the broadcasstructumal featues[11],
comparableo [4]'s stylefeatues We have previously shavn
that structuralfeaturesare useful predictorsof extractive sum-
mariesof BroadcasNews [11].

The structuralfeatureswe investigatedfor our study in-
clude normalized /sentenceposition in turn, spealer type
next-spealer type, previous-spealer type, spealer change
tur n position in the shon andsentenceposition in the show.

Only reporters'turns are so marked in the TDT-2 corpus,so
our speakr typefeatureis binary, “reporteror not'. This unfor
tunatelycon atesanchorturnswith thoseof intervieveesand
soundbytespealers.

3.4. DiscourseFeatures

Somesummarizatiorsystemg12] have includeddiscoursdea-
tures suchas[12]' sdiscoursdreeswhichmodelsherhetorical
structureof atext to identify importantsegmentsor extraction.
We have exploreda differentdiscourseeature by computinga
measuref “givennessin our stories.Following [14] we iden-
tify “discoursegiven' informationasinformationwhich haspre-
viously beenevokedin a discourseegitherby explicit reference
or by indirect (in our case stem)similarity to othermentioned
items. Our intuition is that given informationis lesslikely to
be includedin a summary sinceit representsedundaninfor-
mation. Our given/nev featurerepresents very simpleimple-
mentationof this intuition and provesto be a useful predictor
of whetherasentencevill beincludedin asummary This fea-
ture is a scorethat rangesbetween-1 and 1 with a sentence
containingonly new informationreceving ascoreof “1', anda
sentenceontainingonly “given' informationreceving -1'. We
calculatethis scorefor eachsentencéy thefollowing equation:
. ni Si

si)=4 g (1)
Here, n; is the numberof “nen' nounstemsin sentence, d
is the total numberof uniquenounstemsin the story; s; is the
numberof nounstemsin the sentencé thathave alreadybeen
seenin the story;andt is thetotal numberof nounstemsn the
story.

Theintuition behindthis featureis that, if a sentenceson-
tainsmorenev nounstemsit is likely thatmore new informa-
tion' is includedin the sentence.Thetermn;=d in the equa-
tion 1 takes accountof this "newvness'. On the otherhand,a
very long sentencenay have mary new nounsbut still include
otherreferenceso itemsthathave alreadybeenmentioned.In
suchcaseswe would want to reducethe given-nev scoreby
the “givennessin the sentencethis givennesseductionis take
into accountoy 7. As wewill shaw in Sectiond, this simple
measurémprovesour summarizatiorF-measureWWe have also
experimentedvith variationson this scoreshut found 1 to yield
thebestperformance.

4. Experimentsand Results

We comparedhecontribution of ourlexical, acousticstructural
anddiscoursdeature-set predictingsentence® beincluded
in summariesusinga numberof differentlearningalgorithms,
testmethodgcross-alidationwith resamplingor held-outtest
sets) andfeatureselectioralgorithms.Wefoundthatthecontri-
bution of our variousfeatureclassegouldbestbe examinedus-
ing a BayesiarNetwork classi er with 10-fold crossvalidation
(with resampling)pnfeatureselectedy aprocedurehatcom-
binessubsetevaluationwith rank searchand best- rst search
[18]. We measureerformanceby computingprecision,re-
call, and F-measure Resultsof thesefeature-secomparisons
areshavn in Figurel.
We constructedbaselingor thistaskby concatenatinghe

rst 23% of sentence$rom eachshaw, sinceour modelsum-
marieswere,on average 23% of thelengthof the sourcedocu-
ments.Sucha baselinds very strict for BroadcastNews, since
thesestoriesare quite short, with averageof 18.2 sentencein
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Figurel: F-measurevith 10fold cross-alidation

eachstory Usingthisapproachpurbaselind=-measurés 0.43,
recallis 0.43andprecisionis 0.43.

FromFigure1 we canseethatthe bestperformingexperi-
mentscombineall thefeature-setd + A + S + D. Thisgives
an F-measuref 0.54, recall of 0.61, precisionof 0.49andan
accurag of 73.8% on our datasetwith 10-fold crossvalida-
tion. Our systemthushasan F-measuravhich is 11% higher
thanthe baseline. The F-measuregor the individual feature-
setswhentestedaloneare: discoursg(0.13), structural(0.33),
acoustic/prosodi€0.47) andlexical (0.49). Sowe seethatthe
lexical and acoustic/prosodideature-setgperform bestalone,
both surpassinghe baseline. When we combinethesetwo
feature-setspur F-measures 0.52. Adding structuralfeatures
improvesperformanceo 0.54,andaddingdiscoursdeaturesas
well improvesour F-measuréo 0.544.

When we add only discoursefeaturesto the lexical and
acoustic/prosodifeature-setsperformancds 0.53. However,
whenwe look at the performanceof structuralfeaturesalone,
comparedo that of structuralplus discoursefeatures,we see
that the F-measuremproves from 0.33 to 0.39. Discourse
featuresaddedto lexical improve the F-measurdrom 0.49to
0.50, and,addedto acoustic/prosoditeaturesimprove the F-
measurdrom 0.47to 0.48. So, thereappeargo be morere-
dundang of our discoursefeatureswith acoustic/prosodiand
lexical featureghanwith the structuralfeature-set.

To look more speci cally at which of the featuresin our
feature-setare most useful for predictingsummarysentence
selection,we performedfeatureselectionon our entire set of
featuresusing a selectionalgorithm that computedindividual
predictive power of eachfeatureandthe redundanciebetween
features. The ve mostusefulfeaturesare shawvn in Table 1.
Note that the bestperformingindividual featuresinclude fea-

Tablel: BestFeaturesor PredictingSummarySentences

Rank || Type Feature
1 A Time Lengthin sec.
2 L Num. of words
3 L Tot NamedEntities
4 S NormalizedSentPos
5 D Given-Neav Score

turesfrom all four of our feature-setsvith two from thelexical

setandonefrom eachof theothers.Interestinglythis setof ve
was also selectedasthe optimal setof featuresby the feature
selectionalgorithm. Our F-measurawith just thesefeaturess
0.53whichis only 1% lower thanthe highestF-measureshavn
in Figurel.

To con rm thatourresultsareunafectedby choiceof clas-
si er, wealsocomputedROC curvesfor theclassi erswetried.
Theareaunderthecurve (AOC) of theROC curve computeghe
‘goodnessbf aclassi er; thebestclassi erwould haveanAOC
of 1. For the classi erswe examined,we obtainedan AOC of
0.771for BayesianNetworks, 0.647for C4.5 DecisionTrees,
0.643for Ripperand0.535for SupportVector Machines. All
resultsreportedin Figurel arefor a BayesiarNetwork classi-
er.

Oneconclusionwe mightdraw from ourresultsis that“the
importanceof what is saidcorrelateswith how it is said” Intu-
itively, onemightimaginethatspealkerschangeheir amplitude
andpitchwhenthey believe their utterancesireparticularlyim-
portant,to convey thatimportanceto the hearer If thisis true,
we would expectthe sentenceghatour lexical featuresnclude
in asummaryto bethe sameasthosepredictedor inclusionby
ouracoustic/prosodifeatures We computedhecorrelationco-
ef cient betweerthe predictionsof thesetwo feature-setsThe
correlationof 0.74supportsour hypothesis.

Our ndings also suggestt may be possibleto do effec-
tive speechsummarizationwithout the use of transcriptionat
all, whethermanual(asemplo/ed here)or from speechrecog-
nition. Two of ourfeature-setsacoustic/prosodiandstructural,
are independenbf lexical transcription,except for sentence-
level and spealer segmentationand classi cation, which have
beenshavn to be automaticallyextractableusing only acous-
tic/prosodicinformation [16, 1]. The accurag of our acous-
tic/prosodicfeaturesalone(F = 0:47), and of our combined
acoustic/prosodiandstructuralfeaturegF = 0:50) compares
favorablyto thatof our combinedfeature-set¢F = 0:54). So,
even if transcriptionis unavailable, it seemspossibleto sum-
marizebroadcasnews effectively, even whentranscriptionis
unavailable.

The resultsmentionedabore assumean exact matchof a
predictedsummarysentenceo a labeledsummarysentence.
For summarizatiorpurposesthis measurds generallyconsid-
eredtoo strict, sincea sentencelassi edincorrectlyasa sum-
marysentencenaybevery closein semanticontentto another
sentencewhich was includedin the gold standardsummary
Anothermetric standardlyusedin summaryevaluation,which
takesthis synorymy into accountjs ROUGE (Recall-Oriented
Understudyfor Gisting Evaluation) [10]. ROUGE measures
overlapunits betweerautomaticandmanualsummariesUnits
measuredtan be n-gram,word sequencesr word pairs. For
ROUGE-N, ROUGE-L, ROUGE-Sand ROUGE-SU,then, N
indicates(the size of) the n-gramscomputed,L, the longest
commonsubsequencandS andSU standfor skip bigramco-
occurrencsstatisticswith andwithout optionalunigramcount-
ing. ROUGE-Nis computedusingthefollowing equation.

ROUGE N =

Countmaen (gramy)
S2Ref :Sum gramp2S

Count(gramy)
S2Ref :Sum gramp2S

Figure2 presentgesultsof evaluatingour feature-setsis-
ing the ROUGE metric,with N = 1 4 andall of the vari-
antsdescribedabore. Theresultsshavn in Figure2 aresimilar



Figure2: EvaluationusingROUGE metrics

to thoseshawvn in Figure 1 usingthe F-measurenetric. How-

ever, thedifferencebetweerthebaselineandour bestcombined
feature-seis evengreaterusingROUGE.We obtainedurhigh-
estROUGE scoreof 0.85with ROUGE1andROUGE-L which

is 27%higherthanthebaselinelf wetake anaverageof theper

formanceof differentROUGE systemsye geta meanscoreof

0.80,whichis 30.3%above the baseline. This meanscoremay
be a morereasonableneasurehanROUGEL,sinceit includes
the performancef versionswhichlook for morethanmereun-

igram overlap. Note that, the combinedacoustic/prosodiand
structuraffeaturesaloneobtaina ROUGE1scoreof 0.76andan
averageROUGE scoreof 0.68.

5. Conclusion

In this paper we have presentedesultsof an empirical study
comparingdifferent types of featuresthat may be useful for
speechsummarization. We have shavn that a combination
of lexical, acoustic/prosodicstructural,anddiscoursefeatures
performsbestat classifyingsentenceso beincludedin a sum-
mary. With this combinedfeature-setve obtainan F-measure
of 0.540n exactmatchingof summarysentenceandaROUGE
scoreof 0.84from ROUGE1and ROUGE-L evaluations.Our
ndings alsosuggesthataccuratespeectsummarizatioris pos-
siblein theabsencef transcriptionsinceour acoustic/prosodic
andstructuralfeaturesaloneobtainan F-measuref 0.50anda
ROUGE scoreof 0.76.
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