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ABSTRACT

In large vocalulary speechrecognition,out-of-vocahulary
wordsareanimportantcauseof errors.We describea lexi-
calfiller modelthatcanbeusedin asinglepassrecognition
systemnto detectout-of-vocahularywordsandreducetheer
ror rate. Whenrescoringword graphswith betteracoustic
models,word fillers causea combinatorialexplosion. We
introducea new technique,using several thousandexical
fillers, which producesvord graphsthatcanberescoredef-
ficiently. On alarge Frenchvocahulary continuousspeech
recognitiontask, lexical fillers achieved an OOV detection
rate of 44% andallowed a 23% reductionin errorsdueto
OOV words.

1. INTRODUCTION

Out-of-vocalularywordsareanimportantproblemin mary
speechrecognitionapplicationsIncreasingrocahulary size
helpsalleviatetheproblem,but will neversolweit sincelan-
guageevolves,andnew wordsconstantlyappear Reliable
detectionof OOV wordswould be a bettersolutionto im-
prove performancendrobustnes®f thetechnology

Theproblemis worsein continuouspeechyhereasin-
gle out-of-vocalulary word will often causeseveral recog-
nition errors. Estimatesrangefrom 1.2 errors/O word
on the EnglishlanguagéWall StreetJournaltaskto 2.2 er
rors/OQ/ word on a similar Frenchtask[1, 2]. In French,
particularly typical OOV rate may rangeover 5-6% for a
20,000word vocahulary [2]. In this situation, detecting
OOV wordsto reduceerrorsto one per OOV word would
allow assignificantreductionof the overall errorrate.

The most commonapproachto OOV word detection
consistan explicitly modelingout-of-vocalulary wordsby
providing someform of pronunciatioranda representation
in thelanguagemodel.Proposedanodelsrangefrom “fillers”
or “genericword models”thatallow any phoneticsequence,
to detailedsub-lexical models. The main objective of these
modelsis to cover all possibleOOV word pronunciations,

while providing someconstraintsn the form of phoneN-
grams[3] or morpho- phonemicconstraintg4].

In this work, we proposea simplermodelthatdoesnot
aim to modelall possibleOOV pronunciationsandavoids
modelingin-vocatularypronunciationsThisapproactkeeps
tight lexical constraintothon in- andout- of- vocalulary
words. The modelis afiller word provided with the subset
of pronunciationstakenfrom alargerdictionary which do
not occurin the taskvocahulary. Thusthe modelis con-
strainedboth by thetasklexicon andthelargerlexicon.

Our experimentswith larger lexicons show that, con-
traryto expectationreasonablsizeswill providegoodOOV
models.We first presentesultson a large vocahulary, con-
tinuousspeechecognitiontaskin French thatshav the ef-
fectivenessof lexical constraintsvhenappliedin a single
passrecognitionsystem. In addition, we examinea prob-
lem that ariseswhen OOV modelsare usedin multi-pass
systems.In thesesystemswhenlarge acousticmodelsare
usedfor rescoring,00V modelsthat do not imposetight
constrainton pronunciatiorwill requirevery large recog-
nition networks anda costly search.We addressghis prob-
lemin moredetailin Section2.2andwe proposeasolution,
involving multiple lexical fillers, thatallows word graphsto
berescorecefficiently.

2. LEXICAL FILLERS

Theideaof usinga largerdictionaryfor OOV wordsis not
new. It hasbeenusedwith succes largevocalularytasks,
for examplein [2]. In this system 64K word dictionaryand
languagemodelwere used,andthe recognizeroutputwas
mappedo the taskvocahulary of 20K words.

In ourapproachyealsousealargerdictionary but only
to provide pronunciationgo afiller wordmodel. Therecog-
nition vocahlulary is augmentedy one word, namelythe
filler word, bothin thedictionaryandthelanguagenodel.

Our OO0V modelalsodiffersfrom agenericfiller in that
it only allows arestrictechumberof pronunciationsinstead



of all possiblepronunciationsbut mostimportantlyit does
notmodelin-vocahularywords. As will beshovnin theex-
perimentalresults(section3), this characteristidimits the
degradatiorof in-vocatlularyword recognitionobsenedfor
genericfiller models[3]. In addition,strongconstraintge-
ducenetwork sizeandsearcheffort duringrecognition.

2.1. Singlelexical filler

The closedvocahlulary is augmentedvith one additional
filler word. Possiblepronunciationdor this word are ob-
tainedfrom all the pronunciationpresenin alargerdictio-
narybut not presenin thetaskdictionary A typicallexical
filler couldhave betweemOK and100K pronunciations.
Thefiller wordis alsoaddedo thelanguagenodel,with
a unigram probability chosento reflect the probability of
OOV wordsin thetraining corpus. Higher N-gram proba-
bilities aresetto 0 for thefiller word; otherwise the search
network becomesinmanageabliarge, sinceseveraltensof
thousandef pronunciatiorareassociatedvith eachappear
anceof thefiller word in the languagemodel. Contraryto
genericfiller models wherethe unigramprobabilityis cho-
senmanuallyand determinegshe numberof correctdetec-
tions and falsealarms,constraintson pronunciationmake
the lexical filler behaior mostly insensitive to the particu-
lar valueusedfor its unigramprobability (seesection3.2).

2.2. Multiple lexicalfillers

Today's laboratoryspeechrecognitionsystemsare almost
always multi-passsystems. The goal of the first passin
thesesystemsis to provide the highestinclusionrate and
lowest searcheffort for the secondpass. Hypothesesare
recordedin the form of a word graphor a N-bestlist of
word hypotheses.Using words asthe intermediateunit is
usually a good compromise:smallerunits suchas phones
would notretainmuchmoreinformation,sincemostwords
have very few pronunciations.

Whenafiller is used(genericor lexical), however, the
pronunciatiorthathasbeendeterminecht greatcostby the
first pasds notrecordedn theword graph.Theinformation
aboutthebestpronunciatioris lost. Whentheword graphis
usedfor rescoringwith differentacoustionodels thewhole
pronunciatiometwork correspondindo eachfiller present
in the graphhasto be searchedagain, with even costlier
models.

Theideabehindmultiple lexical fillers is to retainsome
of the pronunciatiorinformationin thefiller identity itself,
by megingpronunciationsnto classesndusingadifferent
filler for eachclass.In the experimentseportedbelow, we
definedpronunciatiorclassessfollow:

Two pronunciationsare in the sameclassif,
whenmappingall vowelsto V andall conso-

nantsto C, they have the samesequencef V
andC symbols.

Thusthewordssaltimbanqueet dégringolewill berep-
resentedoy the samefiller, becauseheir pronunciations
belongin the sameclass(since they both correspondto
the CVCCVCVC symbol sequence).That particularway
of groupingpronunciationsyields a large numberof filler
words, typically seseralthousandeachonehaving a small
numberof possiblepronunciations.

In thelanguagemodel,all filler wordsareassignedhe
sameunigram probability as the single lexical filler, and
no higher order N-gram is added. The first passsearch
effort remainsessentiallythe samefor single or multiple
fillers, sincethe setof pronunciationgo be searcheds the
same.But the secondpasssearcheffort for multiple fillers
is reducedin proportionto the numberof pronunciations
perfiller, whichis muchsmallerwhenthousand®f lexical
fillers areused.

3. EXPERIMENTS

The following experimentswere performedon a standard
FrenchlanguageJarge vocahulary dictationtask from the
AUPELF'97 evaluation[5, 6], which hasa vocahulary of
20,000words. Acousticmodelsweretrainedon BREF-80
anda subsebf BREF-Total, containing53 hoursof speech
from 100 spealers. Acousticparametersvere 12 mel- fre-
queng cepstralcoeficients plus enegy, andtheir deriva-
tives. Cross-vord triphone acousticmodelswere trained
with 3981outputdistributions,eachbeinga Gaussiamix-
turewith 32 componentandsharinga singleglobalfull co-
variancematrix. For rescoringexperimentshe samemod-
els with 64 componenter mixture were used. Note that
modelswerenotgenderdependen&ndthatnospealeradap-
tation(suchasVTLN or MLLR) wasused.

Thespeechiecognitionsysten{7] wastransducebased,
with rulesfor liaisonbothin trainingandrecognition.Trans-
ducerswere built and manipulatedusing the FSM library
tools[8].

Languagemodelswere trained on 168M words of Le
Monde their sizeand perpleity areshovn in Table1. A
small homophoneclasstrigram modelwas usedto gener
ate the word graphs(more exactly the homophoneclass
graphs). Whenrescoring,a larger word trigram language
modelwasused andhomophonelassgraphsveremapped
to words by compositionwith a homophone-class-to-evd
transducer

The test set contains576 sentenceswith a frequeny
weightedOOV word rate of 3.78%, and over 40% of the
sentencesontainOOV words. Only 16.5%o0f OOV words
arepropernames.



| LM
Graphgen.
Rescoring

| 2-grams | 3-grams | Voc.size | Ppx |
247K 78.5K 13.5K 128
2.8M 10.6M 20.0K 87

Table 1. Size,vocahulary anddevelopmentset perpleity
of languagemodelsused.

3.1. Baseline

We first needa propermeasurementf the effect of OOV
wordsin thecaseof continuouspeechAs mentionedn the
introduction,eachOOV word tendsto causeseveralerrors,
andthis is preciselythe main problemthatwe try to solve.
In orderto estimatehow mary errorsare causedoy OOV
words, we measurghe accurag separatelyon a subsetof
344testsentencewhich containonly in-vocatulary words.
Thisgivesanestimateof theerrorrateif therewereno OOV
words (first line of Table2). Assumingthat otheraspects
of this subsetare representatie of the whole corpus,we
cansubtracthis errorratefrom thewhole corpuserrorrate
(secondine of table)to getanestimateof theerrorratedue
to OOV words(third line of table).

Naturally, thein-vocalulary subseis not exactly repre-
sentatve of thewhole. In particular thefactthatit contains
no OOV wordsmay be associatedvith a betterperpleity
(see[2]); in that casethe subseterror rate will underesti-
matetherealin-vocalulary errorrate,leadingto anoveres-
timate of the error ratedueto OOV. Sothis estimatemust
not be taken asan absolutenumber Neverthelessye will
usethe estimatethroughoutthe restof the paperfor com-
parisonpurposessincerelative improvementson the same
OOV subsetarestill meaningful.

| Sentences | Words | Error rate |
In-vocahulary only 4913 17.5%
All sentences 8647 24.7%

| Errorsdueto OOV words | | 7.2% |

Table 2. EstimatedOQV errorrate,baselinesystem.

TheOOV ratebeing3.78%,we estimatahateachOOV
cause®naveragel.9errors(7.2%/3.8%).Thisis consistent
with resultson this taskreportedelsavhere[2].

3.2. Singlefiller experiments

The pronunciationgor the singlefiller experimentscame
eitherfrom a 64K word dictionary or a 600K word dictio-
nary. The 64K dictionary was generatednostly automat-
ically from grapheme-to-phonenrales, with a small per
centageselectedautomaticallyfor correctionby hand[7].
The 600K dictionary pronunciationsvere generatedvith
the samerules appliedto the 600K most frequentwords

foundin the LM training corpus. For the 64K dictionary,
thefiller had40K pronunciationswhile for the 600K dic-
tionary, the filler had 107K pronunciations.Noneof these
pronunciation®ccurredn the 20K taskdictionary

o Overall | Due to | OOV v
Condition WER oov detect | false
No filler 247% | 7.2% 0% 0%
64K dict filler 23.0% | 5.48% | 44.0% | 0.52%
600K dictfiller | 22.8% | 5.46% | 41.0% | 0.28%

Table 3. Overallword errorrate,errorsdueto OOV words,
OOV correctdetectionand in-vocahulary false alarm for
singlelexical filler.

Table 3 shaws the word error rate obtainedfor the no
filler, 64K dictionaryand 600K dictionaryconditions. The
errorsdue to OOV were estimatedas for Table 2. The
lasttwo columnsshav the OOV detectiorrate,which mea-
sureshow mary OOV wordsin the utteranceswere cor-
rectly recognizedas a filler word, andthe IV falsealarm
rate,which measuresiow mary in-vocahulary wordswere
incorrectlyrecognizedasfiller words. Notethatdeletionsof
OOV wordsarecountedandcontributeto decreaséhe OOV
detectiorrate;similarly, insertionsof filler wordscontribute
toincreasdahelV falsealarm.

A goodfraction of OOV words are correctly detected
(44%), even giventhe rathertight constraintson their pro-
nunciation.We alsoobsene a very low falsealarmratefor
in-vocalulary words. OOV detectionallows the overall er-
ror rate to go from 24.7%to 23.0%, mainly by reducing
insertions.Looking only atthe errorsdueto OOV, we seea
dropfrom 7.2%to 5.5%,which representa relative reduc-
tion of morethan23%.

Interestingly using a much larger dictionary of 600K
words did not significantly decreasehe overall error rate
comparedo the 64K dictionary It seemghat, contraryto
expectation,it is not necessaryo usea very large number
of pronunciationgo capturethe essencef OOV words.

For genericfillers, the operatingpoint (OOV detection
ratevs. IV falsealarms)hasto be adjustedby tuning a
filler penalty With lexical fillers, we found that changes
to theunigramprobability of thefiller word hadlittle effect.
Changinghe unigramprobabilityby 9 ordersof magnitude
shiftedthe OOV detectionratefrom 33%to 44% while the
IV falsealarmrateonly wentfrom 0.13%t0 0.53%.Thisin-
sensitvity to the unigramprobability makesa systemusing
lexical fillers morerobustto changesn thelanguagemodel.

Ourresultsarenotdirectly comparablevith thosein [3]
aboutgenericfillers, which wereobtainedon a smallerEn-
glish vocahulary of 2000words. Neverthelessit is inter
estingto notethata genericfiller model,at a similar OOV
detectionrate of 46.8%, produceda higherin-vocahulary



falsealarmrateof 1.3%.
Notethatalargertaskvocahularywill increaseheover-
lap betweerin-vocalularypronunciationgndageneridiller.
Corversely a smallertask vocatulary will resultin fewer
constraintgor alexicalfiller. Accordingly, we canprobably
expectgenericfillers to performbetteron smallvocalular
iesandlexicalfillers to performbetteronlargevocahularies,
althoughthis would requireexperimentalerification.

3.3. Multiple filler experiments

We generatedvord graphswith the modelsusedin the sin-
glefiller experiments.To rescorethemusingnewn acoustic
andlanguagemodelswe built arecognitionnetwork using
eachsentencevord graphasa constrainton the language
model. We found out thatalthoughword graphswith fillers
areaboutthe samesize asword graphswithout fillers, the
recognitionnetwork, which includesthe pronunciationand
acousticmodelinformation, increasesy a factorso large
that we could generatat for a few sentencesnly, dueto
thelargenumberof pronunciationgerfiller.

Analysisrevealedthat eachoccurrenceof a filler word
in thegraphrequiredtheinclusionof 40K pronunciationsn
therecognitionnetwork. Eventhoughfiller wordsrepresent
only afew percentof all word grapharcs,andnetwork op-
timization reducesarny unnecessarguplication, networks
couldstill be potentiallya thousandimeslargerthanthose
withoutfillers.

When multiple fillers are used, however, the number
of pronunciationsfor eachfiller word that appearsn the
word graphcanbe reducedarbitrarily. After groupingthe
64K dictionary pronunciationsaccordingto their CV pat-
terns(seesection2.2), we obtained2492filler words,each
onehaving 16 pronunciationson average.Therecognition
networks obtainedfrom the multiple filler word graphsare
manageabldyeing4 timeslargerthanwithoutfillers.

We estimatethe graphinclusionfrom the error rate of
the besthypothesiscontainedin the graph. For the word
graphsgeneratedvith the baselinesystem(no fillers), this
errorratewas5.8% comparedo 5.5%for the word graphs
with fillers. Table4 shows theresultsobtainedafterrescor
ing theseword graphswith acousticmodelsof 64 compo-
nentspermixture.

o Overall | Due to | OOV v

t
Condition WER oov detect false
No fillers 19.4% | 7.4% 0% 0%
2492fillers | 18.0% | 6.0% | 31.8% | 0.11%

Table 4. Error ratesfor word graphrescoring.

Error rate reductionsare not as large asin the single
passsystem.We mustnote,however, thatwe experimented
only with word graphsgeneratedt anoperatingpoint with

arathersmall OOV identificationrate (35.5%with 0.17%
IV falsealarm). Determiningthe bestoperatingpoint for
thefirst passto producethe bestresultsfor the secondpass
will requirefurtherexperimentation.

4. CONCLUSION

We describedhlexicalfiller for out-of-vocalularyword mod-
eling. It doesnotaccounfor all possiblepronunciationdut
explicitly avoidsmodelingin-vocatularypronunciations\We
alsointroducedmultiple lexical fillers in orderto produce
word graphghatcanbeefficiently rescoredn asecondpass
with morecomplex acoustiomodels.Our experimenton a
20K word Frenchtask shaw thatlexical fillers, achieve an
OOV detectionrateof 44% (at a falsealarmrate of 0.5%),
allowing a 23% relative reductionof errorsdue to OOV
words.
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