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Abstract

The regular occurrenceof dis�uencies is a
distinguishing characteristicof spontaneous
speech. Detectingand removing suchdis�u-
enciescansubstantiallyimprovetheusefulness
of spontaneousspeechtranscripts. This pa-
perpresentsasystemthatdetectsvarioustypes
of dis�uenciesandotherstructuralinformation
with cuesobtainedfrom lexical and prosodic
information sources. Speci�cally, combina-
tionsof decisiontreesandlanguagemodelsare
usedto predictsentenceendsandinterruption
pointsand,giventheseevents,transformation-
basedlearningis usedto detectedit dis�uen-
ciesandconversational�llers. Resultsarere-
portedon humanandautomatictranscriptsof
conversationaltelephonespeech.

1 Intr oduction

Automatic speech-to-text (STT) transcriptsof sponta-
neousspeechareoftendif�cult to comprehendevenwith-
out the challengesarising from word recognitionerrors
introducedby imperfectSTTsystems(Jonesetal.,2003).
Suchtranscriptslackpunctuationthatindicatesclausalor
sententialboundaries,andthey containa numberof dis-
�uencies that would not normally occur in written lan-
guage. Repeatedwords, hesitationssuchas “um” and
“uh”, and correctionsto a sentencein mid-streamare
a normal part of conversationalspeech. Thesedis�u-
enciesarehandledeasilyby humanlisteners(Shriberg,
1994), but their existencemakes transcriptsof sponta-
neousspeechill-suited for most natural languagepro-
cessing(NLP) systemsdevelopedfor text, suchasparsers
or information extraction systems. Similarly, the lack
of meaningfulsegmentationin automaticallygenerated
speechtranscriptsmakesthemproblematicto usein NLP
systems,mostof which aredesignedto work at thesen-
tencelevel. Detectingandremoving dis�uenciesandlo-
catingsententialunit boundariesin spontaneousspeech

transcriptscanimprove their readabilityandmake them
more suitable for NLP. Automatically annotatingdis-
coursemarkers and other conversational�llers is also
likely to beuseful,sinceproperhandlingis neededto fol-
low the �o w of conversation.Hence,theoverall goalof
our work is to detectsuchstructuralinformationin con-
versationalspeechusingfeaturesgeneratedby currently
available speechprocessingsystemsand statisticalma-
chinelearningtools.

This paperis organizedas follows. In Section2, we
describethe typesof metadatathat this work addresses,
followed by a discussionof relatedprior work in Sec-
tion 3. Section4 describesthe systemarchitectureand
detailsthe algorithmsand featuresusedby our system.
Section5 discussesthe experimentalparadigmand re-
sults. Finally we provide a summaryanddirectionsfor
futurework in Section6.

2 Structural Metadata

We considerthree main types of structural metadata:
sentence-like units,conversational�llers andedit dis�u-
encies.Thesestructureswerechosenprimarily because
of theavailability of annotatedconversationalspeechdata
from theLinguisticDataConsortium(Strassel,2003)and
standardscoringtools(NIST, 2003).

2.1 SentenceUnits

Conversationalspeechlacks the clear sentencebound-
ariesof written text. Instead,we detectSUs(variously
referredto assentence,semantic,andslashunits),which
are linguistic units maximally equivalent to sentences
that are usedto mark segmentationboundariesin con-
versationalspeechwhere utterancesoften end without
forming “grammatical”sentencesin the senseexpected
in written text. SUs can be sub-categorizedaccording
to their discourserole. In our data,annotationsdistin-
guishstatement,question,backchannel,incompleteSU
andSU-internalclauseboundaries.Here,we ignorethe
SU-internalboundaries,andmergeall but theincomplete
SUcategoriesin characterizingSUevents.



Table1: Filled pausesanddiscoursemarkers to be de-
tectedby oursystem.

Filled Pauses ah,eh,er, uh,um
DiscourseMark ers actually, anyway, basically, I

mean,let's see,like, now, see,
so,well, youknow, yousee

Table2: Examplesof edit dis�uencies.

Dis�uency Example
Repetition (I was)+ I wasvery interested...

(I was)+ f uhg I wasvery interested...
Repair (I was)+ shewasvery interested...

(I was)+ f I meang shewasvery...
Restart (I wasvery)+ Did youhearthenews?

2.2 ConversationalFillers

Conversational�llers include �lled pauses(hesitation
soundssuchas “uh”, “um” and “er”), discoursemark-
ers(e.g.“well”, “you know”), andexplicit editingterms.
De�ning anall-inclusive setof English�lled pausesand
discoursemarkersis a problematictask. Our systemde-
tects only a limited set of �lled pausesand discourse
markers,listedin Table1,whichcoveralargemajorityof
cases(Strassel,2003).An explicit editingtermis a �ller
occurringwithin anedit dis�uency, describedfurtherbe-
low. For example,thediscoursemarker I mean servesas
an explicit editing term in the following edit dis�uency:
“I didn't tell her that, I mean, I couldn't tell her that he
wasalreadygone.”

2.3 Edit Dis�uencies

Edit dis�uencies largely encompassthreeseparatephe-
nomena:repetition,repairand restart(Shriberg, 1994).
A repetitionoccurswhena speaker repeatsthe mostre-
centlyspokenportionof anutteranceto holdoff the�o w
of speech.A repair happenswhenthe speaker attempts
to correcta mistake thatheor shejust made.Finally, in
a restart, thespeaker abandonsa currentutterancecom-
pletelyandstartsanew one.

Previous studiescharacterizeedit dis�uencies using
a structure with different segments (Shriberg, 1994;
Nakataniand Hirschberg, 1994). The �rst part of this
structureis calledthereparandum, a stringof wordsthat
getsrepeatedor corrected.The reparandumis immedi-
ately followed by a non-lexical boundaryevent termed
theinterruptionpoint (IP).TheIP marksthepointwhere
thespeakerinterruptsa�uent utterance.Optionally, there
may be a �lled pauseor explicit editing term. The �nal

part of the edit dis�uency structureis called the alter-
ation, whichis arepetitionor revisedcopy of thereparan-
dum. In thecaseof a restart,thealterationis empty. In
Table2, reparandaareenclosedin parentheses,IPs are
representedby “+”, optional�llers arein braces,andal-
terationsarein boldface.

Annotationof complex edit dis�uencies,wherea dis-
�uency occurswithin analteration,canbedif�cult. The
data used here is annotatedwith a �attened structure
that treatsthesecasesas simple dis�uencieswith mul-
tiple IPs (Strassel,2003). IPs within a complex dis�u-
ency aredetectedseparately, andcontiguoussequences
of edit wordsassociatedwith theseIPsarereferredto as
adeletableregion.

3 PreviousWork

In an early study on automaticdis�uency detectiona
deterministicparserand correctionrules were usedto
cleanupeditdis�uencies(Hindle,1983).However theirs
was not a truly automaticsystemas it relied on hand-
annotated“edit signals”to locateIPs. Bearet al. (1992)
exploredpatternmatching,parsingandacousticcuesand
concludedthatmultiple sourcesof informationwould be
neededto detectedit dis�uencies.A decision-tree-based
systemthat took advantageof variousacousticandlexi-
cal featuresto detectIPswasdevelopedin (Nakataniand
Hirschberg, 1994).

Shriberg et al. (1997) appliedmachinepredictionof
IPswith decisiontreesto thebroaderSwitchboardcorpus
by generatingdecisiontreeswith a variety of prosodic
features.Stolckeetal. (1998)thenexpandedtheprosodic
tree model with a hidden event languagemodel (LM)
to identify sentenceboundaries,�lled pausesandIPs in
different types of edit dis�uencies. The hidden event
LM usedin their work adaptedHidden Markov Model
(HMM) algorithmsto ann-gramLM paradigmto repre-
sentnon-lexical eventssuchasIPs andsentencebound-
aries as hidden states. Liu et al. (2003) built on this
framework andextendedprosodicfeaturesandthehidden
event LM to predictedit IPs on both humantranscripts
andSTT systemoutput. Their systemalsodetectedthe
onsetof thereparandumby employing rule-basedpattern
matchingonceedit IPshave beendetected.

Edit dis�uency detectionsystemsthatrely exclusively
on word-basedinformationhave beenpresentedby Hee-
manet al. (Heemanet al., 1996)andCharniakandJohn-
son(CharniakandJohnson,2001). Commonto both of
theseapproachesis a focus on repeatedor similar se-
quencesof wordsandinformationaboutthewordsthem-
selvesandthelengthandsimilarity of thesequences.

Ourapproachis mostsimilarto (Liu etal.,2003),since
we alsodetectboundaryeventssuchasIPs �rst anduse
them as “signals” when identifying the reparandumin
a later stage. The motivation to detectIPs �rst is that
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Figure1: SystemDiagram

speechbeforean IP is �uent and is likely to be free of
any prosodicor lexical irregularitiesthatcanindicatethe
occurrenceof aneditdis�uency. LikeLiu etal.,weusea
decisiontreetrainedwith prosodicfeaturesanda hidden
eventlanguagemodelfor theIP detectiontask.However,
we incorporateSUdetectionin thosemodelsaswell. We
usepart-of-speech(POS)tagsandpatternmatchfeatures
in decisiontreetrainingwhereasLiu et al. (2003)devel-
opedlanguagemodelsfor them. We explore threedif-
ferentmethodsof combiningthe hiddenevent language
modelandthe decisiontreemodel,namelylinear inter-
polation, joint tree-basedmodelingandan HMM-based
approach.Moreover, oursystemusesthetransformation-
basedlearningalgorithm ratherthan hand-craftedrules
for thesecondstageof edit regiondetection.

Anotherkey differencebetweenour systemandmost
previouswork is thepredictiontarget.Our systemincor-
poratesdetectingword boundaryeventssuchasSUsand
IPs,locatingonsetsof edit regions,andidentifying �lled
pauses,discoursemarkersandexplicit editingterms.We
believe that sucha comprehensive detectionschemeal-
lows our systemto bettermodeldependenciesbetween
theseevents,which will lead to an improvementin the
overall detectionperformance.

4 SystemDescription

4.1 Overall Ar chitecture

As shown in Figure 1, our systemdetectsdis�uencies
in a two-stepprocess.First, for eachword boundaryin
thegiventranscription,adecisiontreepredictsoneof the
four boundaryeventsIP, SU, ISU (incompleteSU), and
the null event. Then in the secondstage,rules learned
via the transformation-basedlearning (TBL) algorithm
are applied to the data containingpredictedboundary
eventsandotherlexical informationto identify editsand
�llers. Followingeditregionand�ller prediction,thesys-
tem output was post-processedto eliminateedit region
predictionsnot associatedwith IP predictionsaswell as
IP predictionsfor which no edit region or �ller wasde-
tected. An analysisof post-processingalternativescon-
�rmed thatthisstrategy reducedinsertionerrors.

4.2 DetectingBoundary Events

In orderto detectboundaryevents,we traineda CART-
style decisiontree (Breimanet al., 1984) with various
prosodicand lexical features. Decisiontreesare well-
suitedfor thistaskbecausethey provideaconvenientway
to integratebothsymbolicandnumericalfeaturesin pre-
diction. Furthermore,a traineddecisiontreeis highly ex-
plainableby its nature,whichallowsusto gainadditional
insight into the utilities of andthe interactionsbetween
multiple informationsources.

Prosodicfeaturesgeneratedfor decisiontree training
includedthefollowing:

� Wordandrhyme1 durations.
� Rhymedurationdifferencesbetweentwo neighbor-

ing words.
� F0 statistics(minimum, mean, maximum, slope)

over aword.
� Differencesin F0statisticsbetweentwo neighboring

words.
� Energy statisticsoverawordandits rhyme.
� Silencedurationfollowing aword.
� A �ag indicatingstartandendof a speaker turn and

speakeroverlap.
� Ordinalpositionof aword in a turn.

Energy andF0 featuresweregeneratedwith theEntropic
SystemESPS/WavespackageandtheF0 stylizationtool
developedin (Sönmezet al., 1998). Word and rhyme
duration were normalizedby phoneduration statistics
(meanandvariance)calculatedoverall availabletraining
data. F0 andenergy featureswerenormalizedfor each
individual speaker's baseline.A turn boundarywashy-
pothesizedfor wordboundarieswith silenceslongerthan
four seconds.

Since inclusion of featuresthat do not contribute to
theclassi�cationof datacandegradetheperformanceof
a decisiontree, we selectedonly the prosodicfeatures
whoseexclusion from the training processled to a de-
creasein boundaryevent detectionaccuracy on the de-
velopmentdataby utilizing theleave-one-outmethod.

Lexical featuresconsistedof POStaggroups,wordand
POStagpatternmatches,anda �ag indicatingexistence

1In ourwork, arhymewasde�ned to containthe�nal vowel
of awordandany consonantsfollowing the�nal vowel.



of �ller words to the right of the currentword bound-
ary. ThePOStagfeatureswereproducedby �rst predict-
ing the tagswith Ratnaparkhi's MaximumEntropy Tag-
ger (Ratnaparkhi,1996)andthenclusteredby handinto
a smallernumberof groupsbasedon their syntacticrole.
The clusteringwasperformedto speedup decisiontree
trainingaswell asto reducetheimpactof taggererrors.

Word patternmatchfeaturesweregeneratedby com-
paringwordsovertherangeof upto fourwordsacrossthe
wordboundaryin consideration.GroupedPOStagswere
comparedin a similar way, but the rangewaslimited to
at mosttwo tagsacrosstheboundarysincea wider com-
parisonrangewould have resultedin far morematches
thanwould beusefuldueto thelow numberof available
POStaggroups.Whenwordsknown to beidenti�ed fre-
quently as �llers existed after the boundary, they were
skippedandtherangeof patternmatchingwasextended
accordingly.

Anotherusefulcuefor boundaryeventdetectionis the
existenceof wordfragments.Sincewordfragmentsoccur
whenthespeaker cutsshorttheword beingspoken,they
arehighly indicative of IPs. However currentlyavailable
STT systemsdo not recognizeword fragments.As our
goal is to build an automaticdetectionsystem,our sys-
temwasnot designedto useany featuresrelatedto word
fragments. However, for a control case,we conducted
an experimentwith referencetranscriptsusing a single
“frag” wordtokento show thepotentialfor improvedper-
formanceof asystemcapableof recognizingfragments.

In addition to the decisiontree model, we also em-
ployeda hiddenevent languagemodelto predictbound-
ary events. A hiddenevent LM is the sameasa typical
n-gramLM except that it modelsnon-lexical events in
then-gramcontext by countingspecialnon-word tokens
representingsuchevents.ThehiddeneventLM estimates
thejoint distributionP(W; E) of wordsW andeventsE .
Oncethemodelhasbeentrained,a forward-backwardal-
gorithmcanbeusedto calculateP(E jW ), or theposte-
rior probabilityof aneventgiventheprecedingword se-
quence(Stolckeetal.,1998;StolckeandShriberg,1996).
TheSRI LanguageModelingToolkit (SRILM) (Stolcke,
2002)wasusedto train a trigram open-vocabulary lan-
guagemodelwith Kneser-Ney discounting(Kneserand
Ney, 1995)on datathat hadboundaryevents(SU, ISU,
andIP) insertedin the word stream.Posteriorprobabil-
ities of boundaryeventsfor every word boundarywere
then estimatedwith SRILM's capability for computing
hiddeneventposteriors.

While the hiddenevent LM alonecanbe usedto de-
tect boundaryevents,prior work hasshown that it ben-
e�ts from alsousingprosodiccues,sowe combinedthe
languagemodelandthedecisiontreemodelin threedif-
ferentways.In the�rst approach,whichwecall thejoint
treemodel,theboundaryeventposteriorprobabilityfrom

the hiddenevent LM is jointly modeledwith other fea-
turesin the decisiontree to make predictionsaboutthe
boundaryevents. In the secondapproach,referredto as
thelinearly interpolatedmodel,a decisionis madebased
on thecombinedposteriorprobability

�P tr ee(E jA; W ) + (1 � � )PLM (E jW );

whereA correspondsto the acoustic-prosodicfeatures
andtheweightingfactor� canbechosenempirically to
maximizetargetperformance,i.e. biasthepredictionto-
ward the more accuratemodel. In the third approach,
the decisiontree features,words and boundaryevents
are jointly modeledvia an integratedHMM (Shriberg
et al., 2000). This approachaugmentsthe hiddenevent
LM by modelingdecisiontreefeaturesasemissionsfrom
the HMM statesrepresentedby the word andboundary
event. Underthis framework, the forward-backward al-
gorithm canagain be usedto determineposteriorprob-
abilities of boundaryevents. Similar to the linearly in-
terpolatedmodel,aweightingfactorcanbeusedto intro-
ducethedesiredbiasto thecombinationmodel.Thejoint
treemodelhastheadvantagethatthe(possibly)complex
interactionbetweenlexical andprosodiccuescanbecap-
tured.However, sincethetreeis trainedonreferencetran-
scriptions,it favorslexical cues,whicharelessreliablein
STT output. In the linearly interpolatedandjoint HMM
approaches,therelative weightingof thetwo knowledge
sourcesis estimatedon thedevelopmenttestsetfor STT
output,so it is possiblefor prosodiccuesto be given a
higherweight.

4.3 Edit and Filler Detection

After SUs and IPs have been marked, we use
transformation-basedlearning (TBL) to learn rules to
detectedit dis�uenciesand conversational�llers. TBL
is an automaticrule learning techniquethat has been
successfullyapplied to a variety of problemsin natu-
ral languageprocessing,including part-of-speechtag-
ging (Brill, 1995),spellingcorrection(ManguandBrill,
1997), error correction in automatic speechrecogni-
tion (ManguandPadmanabhan,2001),andnamedentity
detection(Kim andWoodland,2000). We selectedTBL
for our tagging-like metadatadetectiontasksinceit has
beenusedsuccessfullyfor theseothertaggingtasks.

TBL is an iterative techniquefor inducingrulesfrom
training data. A TBL systemconsistsof a baselinepre-
dictor, a setof rule templates,andan objective function
for scoringpotentialrules.After taggingthetrainingdata
using the baselinepredictor, the systemlearnsa list of
rulesto correcterrorsin thesepredictions.At eachiter-
ation, the systemusesthe rule templatesto generateall
possiblerulesthatcorrectat leastoneerrorin thetraining
dataandselectsthe bestrule accordingto the objective
function, commonly token error rate. The best rule is



Table3: ExamplewordandPOSmatchesfor TBL.

Word Match thatIP that
POSMatch thedogIP thecat

recordedandappliedto the training datain preparation
for thenext iteration.Thestandardstoppingcriterionfor
rulelearningis to stopwhenthescoreof thebestrulefalls
below a thresholdvalue;statisticalsigni�cancemeasures
have alsobeenused(ManguandPadmanabhan,2001).
To tagnew data,therulesareappliedin theorderin which
they were learned. This allows ruleswhich are learned
later in the processto �ne tunethe effectsof the earlier
rules. TBL producesconcise,comprehensiblerules,and
usesthe entirecorpusto train all of the rules. We used
FlorianandNgai's FastTBL system(fnTBL) (Ngai and
Florian, 2001) to train rules using dis�uency annotated
conversationalspeechdata.

The input to our TBL systemconsistsof text divided
into utterances,with IPsandSUsinsertedasif they were
extra words.(For simplicity, thesespecialwordsarealso
assigned“IP” and“SU” aspartof speechtags.)

OurTBL systemusedthefollowing typesof features:

� Identityof theword.

� Part of speech(POS)and groupedpart of speech
(GPOS)of theword (sameasthedecisiontree).

� Is the word commonlyusedas: �lled pause(FP),
backchannel(BC), explicit editingterm(EET),dis-
coursemarker (DM)?

� Doesthis word/ POS/GPOSmatchtheword/ POS/
GPOSthatis 1/2/3positionsto its right?

� Is thiswordat thebeginningof a turnor utterance?

� Tagto belearned.

The “tag” featureis the one we want the systemto
learn. It is alsousedin templatesthat considerfeatures
of neighboringwords.Thebaselinepredictorsetsthetag
to its mostcommonvalue,“no dis�uency,” for all words.
Othervaluesof the tag arethe threetypesof �llers (FP,
EET, DM) andedit. Theobjectivefunctionfor ourlearner
is tokenerrorrate,andrulelearningis stoppedatathresh-
old scoreof 5.

We generateda setof rule templatesusingthesefea-
tures.Therule templatesaccountfor individual features
of the currentword and/orits neighbors,the proximity
of potentialFP/EET/DMterms,andmatchesbetweenthe
currentword andnearbywords,especiallywhenin close
proximity to aboundaryeventor potential�ller . Example
wordandPOSmatchesareshown in Table3.

5 Experiments

5.1 Experimental Setup

For trainingoursystemandits components,weusedtwo
differentsubsetsof Switchboard,a corpusof conversa-
tional telephonespeech(CTS) (Godfrey et al., 1992).
Oneof thedatasetsincluded417conversations(LDC1.3)
thatwerehand-annotatedby theLinguistic DataConsor-
tium for dis�uenciesandSUsaccordingto theV5 guide-
lines detailedin (Strassel,2003). Another set of 1086
conversationsfrom the Switchboardcorpuswas anno-
tatedaccordingto (Meteeretal.,1995)andis availableas
part of the Treebank3corpus(TB3). We useda version
of thissetthatcontainedannotationsmachine-mappedto
approximatetheV5 annotationspeci�cation.

For developmentand testingof our system,we used
handtranscriptsandSTT systemoutputfor 72 conversa-
tions from Switchboardand the Fishercorpus,a recent
CTS datacollection. Half of theseconversationswere
heldout andusedasdevelopmentdata(dev set),andthe
other36 conversationswereusedastestdata(eval set).
TheSTToutput,usedonly in testing,wasfrom astate-of-
the-artlargevocabularyconversationalspeechrecognizer
developedby BBN. Theworderrorratesfor theSTTout-
putwere27%on thedev setand25%on theeval set.

To assessthe performanceof our overall system,dis-
�uencies and boundaryeventswere predictedand then
evaluatedby the scoring tools developedfor the NIST
RichTranscriptevaluationtask.

5.2 Boundary Event Prediction

Decisiontreesto predict boundaryeventswere trained
and tested using the IND system developed by
NASA (Buntine and Caruan,1991). All decisiontrees
wereprunedby ten-fold crossvalidation. The LDC1.3
set2 with referencetranscriptionswas usedto train the
trees3 andthe dev setwasusedto evaluatetheir perfor-
mances.

Several decisiontreeswith differentcombinationsof
featuregroupswere trainedto assessthe usefulnessof
different knowledgesourcesfor boundaryevent detec-
tion. The tree was then usedto predict the boundary
eventson the referencetranscriptionof thedev set. The
resultsarepresentedin Table4. The inclusionof a spe-
cial token for fragmentsresultedin improved precision
andrecallfor SUsandIPsbut, surprisingly, degradedper-
formancefor ISUs.Theseresultsshow thatprosodicfea-
turesby themselvesfailedto detectISUsandIPs,though

2Experimentscombiningthe LDC1.3 setwith the mapped
TB3 setwerenotassuccessfulasLDC1.3setalonefor decision
treetraining.

3While it mightbebetterto train from automatictranscripts,
it is dif�cult to de�ne targetclasslabelsin caseswherethereare
insertionerrorsor asequenceof severalworderrors.



Table4: Impactof differentfeaturesonboundaryeventpredictionusingthejoint treemodelon referencetranscripts.

Features SU ISU IP
Recall Precision Recall Precision Recall Precision

ProsodyOnly 46.5 74.6 0 - 8.8 47.2
POS,Pattern, LM 77.3 79.6 30.0 53.3 64.4 77.4
Prosody, POS,Pattern, LM 81.5 80.4 36.5 69.7 66.1 78.7
All Above + Fragments 81.1 81.6 20.1 60.7 80.7 80.4

they leadto performancegainswhencombinedwith lex-
ical cues. Examinationof the decisiontreetrainedwith
only the prosodicfeaturesrevealedthat pauseduration
andturn informationfeatureswereplacednearthetopof
thetree.

Use of lexical featuresbrought substantialperfor-
manceimprovementin all aspects,andclassi�cationac-
curacy increasedwhenfeaturesextractedfrom different
knowledgesourceswere combined. However, we ob-
served thata smallernumberof prosodicfeaturesended
up beingusedin thetreeandthey wereplacedat or near
leaf nodesasmorelexical featuresweremadeavailable
for training.Theimportanceof prosodicfeaturesis likely
to bemuchmoreapparentfor STTdata.Theworderrors
prevalentin theSTTtranscriptionswill affect lexical fea-
turesfar moreseverelythanprosodicfeatures,andthere-
fore theprosodicfeaturescontribute to therobustnessof
theoverall systemwhenlexical featuresbecomelessre-
liable.

5.3 Edit and Filler Detection

After thepredictionof boundaryevents,theruleslearned
by theTBL systemdescribedin section4.3wereapplied
to detect�llers and edit regions. As with the decision
trees,we trainedrulesusingtheLDC1.3 dataalone,and
combinedwith the mappedTB3 data, �nding that the
combineddatasetgave better resultsfor TBL training.
Again we usedonly referenceword transcriptsbut dis-
coveredthat training with SUsandIPs predictedby the
�rst stageof our systemwas more effective thanusing
referenceboundaryevents.

It is dif�cult to formally assesstheeffectivenessof the
TBL moduleindependently, andresultsfor theentiresys-
temarediscussedin detail in thenext section. Informal
inspectionof the ruleslearnedby the TBL systemindi-
catesthat,not surprisingly, word matchfeaturesandthe
presenceof IPs are very importantfor the detectionof
edit regions.Themostcommonlyusedfeaturesfor iden-
tifying discoursemarkersarethe identity or POSof the
currentand/orneighboringwordsandthetagalreadyas-
signedto neighboringwords.

Table5: Detectionof boundaryeventsanddis�uencies
onSTToutputasscoredby rt-eval.

Task % Corr % Del % Ins % SER
Filler 63.9 36.1 14.0 50.1
Edit 25.5 74.5 13.7 88.2
IP 49.6 50.5 16.3 66.8
SU 73.1 26.9 19.7 46.6

5.4 Overall SystemResults

Theperformanceof our systemwasevaluatedon thefall
2003 NIST Rich TranscriptionEvaluationtest set (RT-
03F) usingthe rt-eval scoringtool (NIST, 2003),which
combinesISUsandSUsin a singlecategory, andreports
resultsfor detectionof SUs,IPs, �llers, andeditswith-
out differentiatingsubcategoriesof �llers andedits.This
tool producesacollectionof results,includingpercentage
correct,deletions,insertions,andSlotError Rate(SER),
similar to the word error rate measureusedin speech
recognition.SERis de�ned asthe numberof insertions
anddeletionsdivided by the numberof referenceitems.
Note that scoresare somewhat different from thosein
Table4, becauseof differencesin scoringandmetadata
alignmentmethods.

Figure2: Detectionof boundaryeventsanddis�uencies
on referenceandSTT transcripts(joint treemodel).

Resultsof oursystemon theRT-03Ftaskareshown in



Table6: Percentageof missedIPson thedev set.

Transcription % IPs after
fragments

% Other edit
IPs

Reference 81.7 37.6
STT 74.0 51.2

Table5 for thejoint treeversionof thesystemasapplied
to the STT transcriptionof the test data. SU detection
by our systemis relatively good. IP detectionis not as
successful,whichalsoimpactsedit detection.

Figure2 contraststheresultsof thejoint treemodelfor
STT output with thoseobtainedon referencedatawith
andwithout fragments.As expected,all error ratesare
higheronSTT output;IPsand�llers take thebiggesthit.
Filler performancein particularseemsto be affectedby
recognitionerrors,which is not surprising,sincemisrec-
ognizedwordswould likely not be on the target lists of
�lled pausesanddiscoursemarkers. In particular, nearly
all missedandincorrectly inserted�lled pausesaredue
to recognitionerrors. Detectionof discoursemarkersis
morechallenging;fewer thanhalf theerrorsondiscourse
markers are due to recognitionerrors. Most non-STT-
related�ller errors involved the words “so” and “lik e”
usedasDMs, whicharehardproblemssincethevastma-
jority of theoccurrencesof thesetwo wordsarenotDMs.
It is alsonotsurprisingthatimprovedIP detectiononref-
erencedatacontributesto a lowererrorratefor edits.

As expected,theinclusionof fragmentsimprovesper-
formanceon IP andedit detection,wherefragmentsfre-
quentlyoccur. In LDC1.3, 17.2%of edit IPshave word
fragmentsoccurringbeforethem; 9.9% of editsconsist
of just a single fragment. In the dev set,35.5%of edit
IPs areassociatedwith fragments.However, fragments
arerarely outputby the STT system,so for mostof our
work we choseto usetheidenticalsystemfor processing
referenceandSTT transcriptsanddid not includefrag-
ments.IP detectionperformancewassigni�cantly worse
for thoseIPsassociatedwith fragments,asshown in Ta-
ble 6. However, sincefragmentsareoftendeletedor rec-
ognizedasa full word,STT outputactually“helps” with
detectionof IPs after fragments,apparentlybecausethe
POStaggerandhiddeneventLM tendto give unreliable
resultson thereferencetranscriptsnearfragments.

Figure3 comparestheeval testsetperformancesof the
differentalternatives for incorporatingthe hiddenevent
LM posterior, i.e. inclusion in the decisiontree, linear
interpolationand the joint HMM. For this experiment,
the interpolationweighting factor was selectedempiri-
cally to maximizeboundaryeventpredictionaccuracy on
the STT transcriptionof the dev set. The resultsof this
comparisonare mixed: SU detectionis betterwith the
joint treemodel,but IP detectionandconsequentlyedit

Figure3: Resultsfor joint tree(JTM), linearly interpo-
lated(LIM) andjoint HMM modelsonSTT transcripts.

detectionarebetterwith the interpolationandHMM ap-
proaches.Thedegradationof SU detectionperformance
with the HMM is counterto �ndings in previous work
(Stolcke et al., 1998; Shriberg et al., 2000). This may
be due to differencesin evaluation criteria, given that
theHMM approachtypically hadhigherprecisionwhich
mightbene�t earlierword-basedmeasuresmore.In addi-
tion, thedifferencein conclusionsmaybedueto thefact
that the decisiontreesusedhereinclude lexical pattern
matchfeaturesin additionto hiddeneventposteriors.

A problemin oursystemis theinability to predictmore
thanonelabel for a given word or boundary. Wordsla-
beledasboth �ller andedit accountfor only 0.5%of all
�llers andeditsin theLDC1.3trainingdata,soit is prob-
ably not a signi�cant problem. We also do not predict
boundariesasbothSU andIP. In LDC1.3, theseaccount
for 12.8%of SUboundaries,andaretreatedassimplySU
in training.Thisdoesnotaffect IPsfor edits,but impacts
38.6%of IPs before�llers. By predictinga combined
SU-IPboundaryin additionto isolatedSUsandIPs,we
obtainasmallreductionin SERfor IPsbut at theexpense
of anincreasein SUSER.However, separatingprediction
of IPsafteredit regionsvs.before�llers alsoyieldssmall
improvementsin editregionprecisionand�ller recall,re-
sulting in 3.3%and0.8%relative reductionin �ller and
editSERsrespectively for thejoint HMM.

6 Conclusions

We have demonstrateda two-tieredsystemthat detects
varioustypesof dis�uenciesin spontaneousspeech.In
the �rst tier, a decision tree model utilizes multiple
knowledgesourcesto predictinterwordboundaryevents.
Thenthe systememploys a transformation-basedlearn-
ing algorithm to identify the extent and type of dis�u-
encies. Experimentalresultsshow that the large vari-
anceandnoiseinherentin prosodicfeaturesmakesthem



much less effective than lexical featuresfor reference
data;however, in thepresenceof word recognitionerrors
prevalentin automatictranscriptsof spontaneousspeech,
prosodicfeatureshave morevalue. Performancediffer-
encesfor the variousscorecombinationmethodswere
small, but combiningdecisiontree and HE-LM scores
with a weightoptimizedon dev datais slightly betterfor
editdis�uencies.Transformation-basedlearningis anef-
fective way to tag �llers andedit regionsafterboundary
eventsare tagged,but the bestperformanceis obtained
when training with automaticallypredictedSU and IP
boundaryevents.

As this is a new task, error ratesare relatively high
(though signi�cantly better than chance),but this ap-
proach achieved competitive results on the Fall 2003
NIST Rich TranscriptionEvaluation,andtherearemany
directionsfor futureimprovements.
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