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ABSTRA CT

A common approach towordspottingistoaugmentthe
keywordmo delswith\flller"mo delsto account fornon-
keywordintervals.An alternativeapproach istousea large
vocabularycontinuousspeech recognitionsystem(LVCSR)
toproducea wordstring,andthensearch forthekeywords
inthatstring.Whilethelatterapproach typicallyyields
higherperformance,itrequirescostlycomputationand ex-
tensive trainingdata. In thisstudy, we developseveral
segment-basedwordspottersinan efiorttoachieve perfor-
mance comparabletothatoftheLVCSR spotter,butwith
onlya fractionofthevocabulary. W e investigateseveral
methodstomo delthebackground,rangingfroma fewgen-
eralmo delstoreflnedphonerepresentations.The taskis
todetectsixty-onekeywordsfromcontinuousspeech inthe
ATIS domain.The bestperformancewe achieve is91.4%
FigureofMeritfortheLVCSR spotterand 86.7%fora
spotterusing57phone-basedflllermo dels.

1. INTR ODUCTION

The taskofwordspottingsystemsistodetect(asmallset)
ofkeywordsfroma speech stream.The research challenge
forwordspottingisone ofachievingthehighestpossible
keyworddetectionratewhileminimizingthenum berofkey-
wordinsertions.Therefore,itisnotsu–cienttomo delonly
thekeywordsveryexplicitly;mo delsofthebackgroundare
alsorequired.Most ofthewordspottersdeveloped inre-
centyearswerevariantsofHMM-based,continuousspeech
recognitionsystems[1,2,3,4].Inthesesystems,thenon-
keywordintervalswererepresentedby a variety of\flller"
mo dels,rangingfroma fewphoneticorsyllabicflllersto
wholewords.Itwasshown thatmore explicitmo delingof
thenon-keywordspeech streamimproveswordspottingper-
formance.The benefltsofincorporatinga languagemo del
forthetransitionsbetweenthekeywordsandtheflllermo d-
elswerealsoevaluatedforsome ofthesystems[1,2,4],
and werefoundtobe substantial.As a generalresult,the
largevocabularycontinuous speech recogniton(LVCSR)
systemswithalanguagemo delcomponentsigniflcantlyout-
performedany otherconflguration.However,theLVCSR
approach towordspotting,even thoughprovidingthebest
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performance,has two important disadvantages,(1)itis
computationallyveryexpensive,and (2)ittendstobe do-
maindependent,requiringknowledgeofthefullvocabulary,
and a largebody oftrainingdata.

Inthispaper,wedescribeourinvestigationintotheuse
ofdifierentbackgroundmo delsinan efiorttoachieve com-
putationale–ciencyand maintaindomain independence,
whileestablishingacceptablewordspottingperformancecom-
paredtotheLVCSR wordspotters.Due tospacelimita-
tions,readersarereferredto[5]forfurtherdetails.

2. EXPERIMENT AL FRAMEW ORK

2.1.System Description

The wordspottersdescribedinthispaperaresegment-based;
theyarederivedfromthesummitcontinuousspeech recog-
nitionsystem[6].The recognitionnetworkforthewordspot-
tersisshown inFigure1forN keywordsandM flllermo dels.

Keyword 1

Keyword N

Filler 1

Filler M

Figure1: Recognitionnetworkforthewordspottingsys-
tems.

Any transitionbetweenkeywordsand flllersisallowed,
aswellasselftransitionsforbothkeywordsandflllers.This
conflgurationallows m ultiplekeywordstoexistinany one
utterance,aswellasm ultipleinstancesofa keywordwithin
thesame utterance.Fortheexperimentsdescribed inthe
nextsectionwe used1,12,18,57 and 2462flllermo dels
combinedwith61keywordsinthisconflguration.



   

2.2.SignalRepresentationand Features

The inputsignalistransformedinto a sequenceof5 ms
frames,andeach frameischaracterizedby14Mel-Frequency
CepstralCoe–cients(MF CCs). The signalisthenseg-
mentedintoacousticallyhomogeneousintervalsusinga hi-
erarchicalalgorithm,creatingasegmentnetwork.A feature
vectoristhencomputedforeach segment inthenetwork.
The vectorconsistsofasegmentdurationmeasurementand
35 MF CC averagescomputedwithinand acrosssegment
boundaries.

2.3.Keyw ord Mo dels

The keywordswererepresentedby concatenationsofpho-
neticunits.They wereexpandedintoa pronunciationnet-
workbasedon a setofphonologicalrules.Tw o setsofpho-
neticunitswereusedinthedescriptionofthekeywords,
context-independent phonesand word-dependent phones,
indistinctexperiments.The mo delsfortheseunitscon-
sistedofmixturesofup to 25 diagonalGaussiansinthe
36-dimensionalspacedeflnedby themeasurements.

2.4.FillerMo dels

W e examinedthetradeofibetweenperformanceand com-
putationtimeforflve setsofflllermo dels.IntheLVCSR
approach weexplicitlymo deledall2462non-keywordwords
asflllers.IntheCI-flllerapproach werepresentedtheback-
groundwith57context-independentphone-likewords.The
remainingthreeflllersetsconsistedof18,12 and 1 mo d-
elsthatwerederived throughclusteringofthecontext-
independentphones.

2.5.Language Mo deling

W e proposea new approach to the constructionof the
languagemo delcomponent. In previousresearch, when
context-independentphonesormoregeneralacousticmo d-
elswereusedforbackgroundrepresentation,theywereall
groupedintoa singleflllermo del.Thus,onlya singlegram-
mar transitionprobability intoandoutoftheflllerwascom-
puted.Inourapproach,everyacousticmo delcorresponds
to a uniqueflllermo del.UsingtheLVCSR systemand
theorthographictranscriptionsavailablefromthetraining
data,we performedforcedalignmentsthatproducedtran-
scriptionsconsistingofphonesforthenon-keywordwords,
and wholewordsforthekeywords.Thesetranscriptions
wereusedtotrainthebigramlanguagemo delforthekey-
wordsand theacousticflllermo dels.The LVCSR also
useda bigramlanguagemo del.Trainingwas performed
on 10,000utterancesforallwordspottingsystems.

2.6.Search

The Viterbialgorithmisusedtoflnd thebestpaththrough
thelabeledsegment network,withthepronunciationnet-
workand thelanguagemo delservingasconstraints.The
outputisa continuousstreamofflllersand keywords.The
scoreforeach hypothesizedkeywordiscalculatedas the
sum,overallsegmentscomposingthekeyword,of(1)the
segment’sphoneticmatch score,(2)thescorebasedon
theprobability oftheparticularsegmentation,(3)a lexical

weightassociatedwiththelikelihood ofthepronunciation,
(4)a durationscorebasedon thephonedurationstatistics,
and (5)a bigramtransitionscore.

3. EXPERIMENTS

3.1.Task

AllexperimentswereperformedintheAirTravelInforma-
tionService,orATIS,domain[7].The taskwasthede-
tectionof61 keywordsinunconstrainedspeech. The key-
wordsconsistedofcity names,airlines,days oftheweek,
faretypes,etc.They werechosenoutoftheATIS vocab-
ularybasedon theirhighfrequencyofoccurrence,and the
observationthattheymay constitutea su–cient setfor
a hypotheticalspoken languagesystemthatwillenablea
client tofllloutan electronicform,usingspeech,within-
formationsuch asdesiredoriginanddestinationpoint,fare
basis,andday ofdeparture.The setsfortrainingandtest-
ing(seeTable1)werederived fromallavailabledatafor
theATIS task.They werespeciflcallydesignedtocontain
allkeywordsinbalancedproportions.

# keywords # utterances# speakers
Trainingset 15076 10000 584
Testset 2222 1397 36

Table1:Trainingand testsetsintheATIS domain.

3.2.PerformanceMeasures

The performanceoftheproposedwordspottingsystemswas
measuredusingconventionalReceiverOp eratingCharac-
teristic(ROC) curvesand FigureofMerit(FOM) calcula-
tions.A keywordwas consideredsuccessfullydetectedif
themidpointofthehypothesizedwordfellwithintherefer-
encetimeinterval.The hypothesizedkeywordsweresorted
withrespecttotheirscores,and theprobability ofdetec-
tionateach falsealarmratewascomputed.The FOM was
calculatedastheaverageprobability ofdetectionbetween
0 and 10 falsealarmsperkeywordperhour.The average
computationtimeperutterancewas alsomeasured.W e
usedtheactualcomputationtimewhen comparingbetween
thesystemssinceitdemonstratedless°uctuationthanthe
elapsedtime.Alltimingexperimentswereperformedon
a Sun SPAR Cstation-20withtwo 50MHz processorsand
128MB ofRAM.

3.3.LV CSR and CI-FillerW ordspotters

The LVCSR wordspotterwas developed flrstinorderto
serve asa benchmark againstwhich theperformanceofall
otherspotterswouldbe evaluated.The backgroundrepre-
sentationconsistedof2462words.Bothkeywordsandback-
groundwordsweremo deledasconcatenationsofcontext-
independent phones,and wereexpandedintoa pronunci-
ationnetwork.The LVCSR systemachieved 89.8%FOM
on thissetofkeywords.The tradeofiforthisoutstanding



    

wordspottingperformancewastheratherlongcomputation
timerequiredduetothesizeofthevocabulary.

The vocabularyfortheCI-flllersystemconsistedofthe
61keywordsand the57context-independentphone-words.
The outputofthiscontinuousspeech recognitionsystem
isa sequenceofphone-like wordsand keywords.There
arethreefactorsthatcontrolthedecisionofhypothesiz-
inga keywordversushypothesizingtheunderlyingstringof
phones.The flrstoneisthecombinedefiectoftwotrainable
parameters,thewordand segmenttransitionweights(wtw
and stw).The wtw correspondstoa penalty forthetransi-
tionintoa new word,whilethestwisa bonusforentering
a new segment.Theseparametersacquireappropriateval-
uesduringa corrective trainingprocessthatattemptsto
equalizethenum berofwordsinthereferencestringand
thehypothesizedstring.The secondfactoristhebigram
transitionscore,which consistsonlyofthetransitionscore
intothekeywordintheflrstcase,versusthesum ofthe
bigramtransitionscoresfortheunderlyingstringofphones
inthesecondcase.Finally,thearcsrepresentingtransitions
betweenphoneswithinthekeywordscarryweightsthatare
addedtothekeywordscore.Sincethesearc-weightscan
be eitherpositive ornegative,dependingon thelikelihood
ofthepronunciationpathtowhich theybelong,theycan
in°uencethekeywordhypothesiseitherway.

The CI-flllersystemachieved81.8%FOM, approximately
8% lowerinabsolutevaluethanthatoftheLVCSR system.
However,thecomputationtimerequiredfortheViterbi
stageofthissystemwas approximatelyseven timesless
thanthatoftheLVCSR. Theseresultsencouragedus to
search foran even smallersetofflllermo delsforback-
groundrepresentation.The advantagesofa smallersetare
lesscomputationtimeandmore°exibility,inthesensethat
wordspottingina new domainwouldrequirelesstraining
dataforlanguageand acousticmo deling.

3.4.General FillerMo dels

W e designedthreesetsofgeneralflllersconsistingof18,
12 and 1 acousticmo dels.The generalflllerswerederived
by (supervised)clusteringofthe57 context-independent
phones,basedontheiracousticfeaturevectors.Theseclasses
mostlycorrespond tobroadphoneticclasses(i.e.,nasals,
closures,stops,etc.),thusagreeingwithouracousticpho-
neticintuitions.

A bigramlanguagemo delwascomputedforeach oneof
thesystemsusingthegeneralflllermo dels.Itwastrained
by replacing,foreach sentence,thecontext-independent
phonesusedtorepresentthenon-keywordintervalswiththe
correspondingclusterlabel,whilekeepingthekeywordsin-
tact.The wordspotterwith18flllermo delsachieved79.2%
FOM performance,comparedto76.5%forthe12-flllersys-
tem and 61.4%forthe1-flllersystem.The ROC curves
forthesesystems,aswellasfortheLVCSR and CI-flller
spotters,areshown inFigure2.

3.5.W ord-Dependent Mo delsforKeyw ords

Ina flnalsetofexperiments,westudiedtheefiectsofintro-
ducingword-dependent phonesforthekeywordson FOM
performanceand computationtime.The word-dependent
phonesweretrainedfromkeywordinstancesonly,whilethe
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Figure2: ROC-curvesforthewordspotterswithdifierent
num bersofflllermo dels.

context-independentphonesforthenon-keywordwordsor
flllermo delsweretrainedfromnon-keywordspeech only.
The flnalscoreforeach word-dependent phonemo delwas
linearlyinterpolatedwiththescoreofthecorresponding
context-independentphone.The interpolationweightswere
computedas a functionof thefrequencyof each word-
dependent mo delinthetrainingset.The FOM perfor-
mance fortheLVCSR systemincreasedby 1.6% inabso-
lutevalueto91.4%.An increaseof4.9%(to86.7%)inthe
FOM wasachieved fortheCI-flllerspotterwiththeuseof
word-dependentmo delsforthekeywords.The ROC curves
forthesesystemsareshown inFigure3.
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Figure3: ROC-curves for the LVCSR and CI-flller
wordspotterswithand withoutword-dependentmo dels.

WhiletheViterbicomputationtimeremainedalmost
unchangedforbothsystems,theclassiflcationtimeincreased
substantiallyasa resultofthealgorithmthatwe usedfor
theseexperiments.Thisclassiflcationalgorithmcomputes
thescoreforallacousticmo dels,forallsegmentsbefore
theViterbisearch isinitiated.An algorithmthatcomputes
acousticscoresupondemand duringthesearch wouldsavea



    

lotofcomputation,and wouldmake word-dependentmo d-
elsmoreattractive.

4. DISCUSSION

Thereisclearlya correlationbetweenthedegreeofexplic-
itnessin backgroundmo delingand wordspottingperfor-
mance asmeasuredby theFOM. The LVCSR utilizesthe
mostdetailedflllermo dels,i.e.,wholewords,and achieves
thehighestperformanceofallspotters.As flllermo dels
becomefewerand moregeneral,theFOM decreasesmono-
tonically(c.f.,Table2 and Figure4). The LVCSR sys-
tem outperformsthespotterthatusesonlya singleflller
mo delby almostthirty percent inabsoluteFOM value.
The largestportionofthisperformancegaincan be at-
tributedtotheuseofmorereflnedacousticmo delsforthe
background.An increaseof20.4%intheFOM isachieved
when thenum ber offlllermo delsisincreasedfrom one
generalacousticmo deltoflfty-seven context-independent
phones.Thisresultsuggeststhattheuseofmore reflned
phonerepresentations,such ascontext-dependent phones,
couldfurtherimprovetheFOM. The remaining8% gainin
performanceisachieved by incorporatingdomainspeciflc
knowledge,i.e.,usingmo delsofallnon-keywordwordsas
flllers.Thisfurtherimprovement can be attributedto a
moreconstrainedsearch spaceand a moreefiective bigram
component.Forinstance,theprobability thatthecurrent
wordisa city name,giventhatthepreviouslyhypothesized
wordwas\from,"ism uch higherthanifthepreviousword
wasthesingleflllermo del.

W ordspotter CI mo dels WD mo dels

LV CSR 89.8% 91.4%
CI flllers 81.8% 86.7%
18 flllers 79.2% -
12 flllers 76.5% -
1 flller 61.4% -

Table2:Summary ofFOM performanceresults.

The averagecomputationtimeperutterancerequired
by each systemisshown inFigure4.As we expected,the
computationrequiredfortheViterbistagedecreasedwith
thenum berofflllermo dels.Compared totheLVCSR, the
CI-flllersystemdecreasedtheViterbicomputationtimeby
approximatelyafactorofseven,the18and12-flllersystems
by a factoroftwelve,and the1-flllersystemby a factorof
23.The classiflcationtimevariedwiththenum berofacous-
ticmo dels,duetothespeciflcalgorithmthatwasused.As
we alreadydiscussedearlier,thecomputationrequiredfor
thisstagecan be signiflcantlyreducedwiththeuseofa
moresophisticatedalgorithm.

5. CONCLUSIONS

Thereisa cleartradeofibetweenwordspottingperformance
as measuredby theFOM, and theViterbicomputation
timerequiredforspotting.More explicitmo delingofthe
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Figure4:FOM andcomputationtimemeasurementsforall
developedwordspotters.

backgroundresultsinhigherperformance,butalsorequires
more computation.An acceptablecompromisebetween
FOM performanceand computationtimeseemstobe the
CI-flllersystem.Itachievesover80% FOM, and provides
signiflcantsavingsincomputationcomparedtotheLVCSR
spotter.
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