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Abstract

This paper describesa unified architecturefor integrat-
ing sub-lical modelswith speectrecognition,anda layered
frameawork for context-dependenprobabilistichierarchicakub-
lexical modelling.Previouswork [1, 2, 3] hasdemonstratethe
effectivenesof sub-lical modellingusinga corecontext-free
grammarCFG)augmentedvith context-dependenprobabilis-
tic models.Our majormotivation for designinga unified archi-
tectureis to provide a framavork suchthat probabilisticsub-
lexical componentsanbe integratedwith otherspeechrecog-
nition componentsvithout sacrificingthe flexibilities of their
independentevelopmentsand configurations. At the same
time, we areableto obtainatightly coupledinterfacebetween
recognizersand sub-lical linguistic components. We also
presentview of usinglayeredprobabilisticmodelsto augment
CFGs. It captureontext-dependenprobabilisticinformation
beyondthe standardCFG formalism,andprovidesthe flexibil-
ity of developing suitable probabilisticmodelsindependently
for eachsub-lical layer Experimentalresultsshov thatthe
contet-dependeniprobabilistic hierarchicalsub-leical mod-
elling approachcan achieve comparableperformanceto pro-
nunciationnetwork approachesn utteranceshatcontainonly
in-vocahulary words, while beingableto substantiallyreduce
errorson utterancesvith previously unseerwords.

1. Introduction

The goal of sub-lical modelling in speechrecognition is
to modelthe constructionof words robustly using sub-leical
units, which aresupportedy acousticmodelsof a speectrec-
ognizer For example,when acousticmodelsare established
at the phonelevel, commonly usedsub-leical modelling ap-
proachesnclude explicit modelling using pronunciationnet-
works and implicit modelling using Hidden Markov Models
(HMMs). In thesecasesthe mappingfrom phonesto words
is mainly basedon local context-dependentonstraintsuchas
phonologicakules. Furtherstudieshave revealedmoredetailed
hierarchicallinguistic structuresof sub-lical units, and re-
searcherdave recently demonstratedhat incorporatinghier
archicalsub-lical linguistic informationcanimprove the ro-
bustnesandflexibility of sub-lical supportfor speechrecog-
nition [1, 2, 3].

One important problem that influencesthe effective use
of sub-lical linguistic constraintsis the lack of a general
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framawork to expressandapply hierarchicallinguistic knowl-
edge. Most speechsystemsuse separatelymplementedsub-
lexical linguistic componentsyhich are specificallydesigned
for someparticularrecognizerarchitectureandaredifficult to
re-configureor extendto suit a wider variety of applicationre-
quirements.Anotherfactorin usingsuchsub-l&ical linguistic
knowledgeis theintegrationinterfacewith a speechrecognizer
Possibleinterfacesinclude N-bestlists and phonegraphspro-
ducedby arecognizerFurtherlinguistic constraintsareapplied
to the N-bestlists or phonegraphsat a subsequerdgtage While
this approachcanreducethe compleity at later stagesgearly
integrationinto the recognitionsearchphasemay be desirable
becausehe searchcanthenbe guidedfrom the available hier
archicalsub-lical linguistic constraintsincorrecthypotheses
couldbeprunedearlyin atightly coupledinterface.

In this paper we presenta unified architecturebasedon
finite state transducerg(FSTs), which seamlesslyintegrates
context-dependeniprobabilistic hierarchicalsub-lical mod-
elling with speechrecognition. FSTshave beenwidely used
recently[4] asan effective andflexible framework for speech
recognition. In this formalism, a speechrecognizeris repre-
sentedas the compositionof a seriesof FSTscombiningvar
ious knowvledgesourcesacrossthe linguistic hierarchy In our
approachwe constructthe hierarchicalsub-leical model by
composinga CFG parserand a seriesof probabilistic FSTs,
eachof which is designedo capturethe layerspecificcontext-
dependenprobabilities.Suchcontext-dependeninformationis
beyondthe standardCFGformalism. TheresultingFSTis then
composedvith otherFSTsin therecognizersuchastheacous-
tic modellingandlanguagemodellingFSTs. The final search
spacds a unified network thatencodeknowledgeat both sub-
lexical andlanguagdevels. This unifiedarchitectureallows in-
dependentievelopmentsof recognitionand linguistic compo-
nentswhile maintainingtight integrationbetweerthe two.

2. Sub-lexical modelling using probabilistic
hierarchical approaches

Most modern speechrecognizersuse sub-leical units for
acousticmodellingto increasethe recognizess flexibility and
alleviate the sparsedata problem. When units smaller than
wordsareusedasbasicunits for speectrecognition,it is nec-
essanyto establisha mappingfrom sub-lical units to words,
sincewordsare naturalunits for applyinghigherlevel linguis-
tic knovledge. Oneapproachs to usepronunciationetworks
whenbasicacoustianodelsarebasedn phonesThepronunci-
ationnetwork is usuallygeneratedby convertingadictionaryto
abaseforrmetwork; thencontet-dependenphonologicaftules
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Figurel: TheANGIE hierarchical structue of theword “intr o-
duce”. Thebottomlayer showsthe phonerealizations.[-n] is
a phonedeletionfollowing by an [n] phone

are appliedto the baseformnetwork to allow different phone
realizations.The phonologicalvariationscanalsobe modelled
implicitly in anHMM acoustionodel.

AnotherapproacHl, 2, 3] demonstratethy researcherto
be effective is to usea core contet-free grammarto describe
the sub-lical hierarchicalstructureof wordsandaugmenthe
CFG with contet-dependenprobabilitiesto capturedifferent
phonologicalvariations. While the pronunciationnetwork is
constructedrom explicit rulesfor differentlocal contects, the
probabilisticCFG approachrelieson a large amountof train-
ing datato learnthe context-dependenknowledge, especially
at lower levels of the sub-leical hierarchy At the sametime,
it preseresstrongstructuralconstraintsat higherlevels. More-
over, it hasthe potentialto provide detailedsub-leical struc-
tural analysisfor wordsnotlimited to a specificvocatulary.

2.1. Sub-lexical linguistic hierarchy

Genericstructuralconstraintsfor sub-leical units can be ob-
tainedby defininga CFGwhich encodesub-leical grammati-
cal information. The constraints tighterat higherlevels of the
sub-leical hierarchy At lower levels, a CFG usuallydoesnot
provide effective constraintdy itself becauseealizationvaria-
tionstendto bemorecontext-dependent.

Figurel shavs an exampleparsetree of sub-lical units
usingthe ANGIE [1] sub-lical rules. ANGIE is anhierarchical
framework developedin our group,whichmodelsmultiple sub-
lexical linguistic phenomenaincluding phonetics phonemics,
syllabificationandmorphology Thehierarchicatepresentation
hasa regular, layeredstructure.The catgoriesin the grammar
aregroupednto separateetsfor eachof thelayers.For exam-
ple, the morphologylayer containscateyoriessuchasstressed
andunstressedots(SROOTs andUROOTs), andthe syllabifi-
cationlayercontainscateyoriesof onsetsandnucleug ONSETs
and NUCs), etc. Stressand onsetmarlers(+and!) are pre-
sened in the phonemiclayer, sinceboth of them can provide
additionalinformationfor phonologicaleffectsat the phonetic
layer Sucharegulatedgrammaiis ableto provide genericword
structuralconstraintswhile maintainingsimplicity.

2.2. Context-freerule-production probabilistic models

We have conductedsomeresearchto examine the structural
constraintsabove the phonemedayer provided by hierarchical
sub-leical modelsusing contet-free grammarg5]. Context-

free rule-productionprobabilitiesare alsousedto augmenthe
grammars. We found that contet-free grammarswith rule-

productionprobabilitiesare effective in describingthe generic
word structuresabove the phonemiclevel. However, it is not
sufficient to accountfor context-dependeninformation, espe-
cially atlower sub-leical levels.

2.3. Context-dependent probabilistic hierarchical models

It is importantto realizethat at lower levels of the sub-leical
hierarchy especiallyat the phoneticlevel, the phonologicalre-
alizationof phoness highly context-dependentFor example,
theword “keep”is phonemically/kip/, andthe /k/ is aspirated
(followedby aburstof air). In contrasttheword“ski” is phone-
mically /ski/ but the /k/ is not aspiratedpecausehe /k/ is pre-
cededby an/s/. In orderto modelsuchcontext sensitve knowl-
edge researcherbave proposedorobabilisticframenorks with
CFGsthataccountfor contet informationthroughtraining. In
ourwork, we appliedthe probabilisticmodelsof ANGIE. There
aretwo typesof probabilitiesin ANGIE: thephoneadwancement
probability whichis theprobabilityof thecurrentphone(termi-
nal) given the pathfrom the top nodeto the previous phonein
the parsetree(calleda columnin [1]); andthetrigram bottom-
up probability whichis the probability of aninternalparsetree
node(non-terminallgivenits first child andleft sibling. A back-
off mechanisnis alsousedto alleviate the sparseraining data
problem.The probabilityof a parsetreeis givenby theproduct
of the columnprobabilitiesconditionedon its left column, as-
sumingthatthey areindependentThe conditionalprobability
of a columnis further definedasthe productof the phonead-
vancemenprobability and trigram bottom-upprobabilitiesof
theinternalnodesin the column. For example,the conditional
probability of thesecondcolumnin Figurel is definedas:

P (C2 | C1)=P ([n] | [ih], /ik/, nuclax+, sroot, word)

* P (/n/ | [n], /ibt/)
* P (coda | /n/, nuclax+) (1)

3. FST based context-dependent
probabilistic hierarchical modelling

In this work, we proposea unified architecturebasedon FSTs
thatseamlesslyntegratescontext-dependenprobabilistichier
archicalsub-leical modellingwith speectrecognition.Thehi-
erarchicabub-lical modelis designedy composinga Recur
sive TransitionNetwork (RTN) parserfor CFGsanda seriesof
context-dependenprobabilisticFSTs.

3.1. Motivation and related work

The major motivation for designinga unified architectureis
to provide aframeawvork for integratingprobabilisticsub-leical
componentsvith otherspeechrecognitioncomponentsvithout
sacrificing the flexibilities of their independentevelopments
and configurations.At the sametime, we areableto obtaina
tightly coupledinterfacebetweena recognizerand sub-leical
linguistic components. Using probabilistic hierarchicalsub-
lexical modelsalso provides linguistic supportfor previously
unseenwordsthroughstructuraland probabilisticinformation
generalizedrom trainingdata. Furthermoreit canprovide de-
tailed sub-lical analysisobtainedfrom the parsetreefor fur-
therusewith higherlevel components.

Previous researchoward integrating sub-leical linguistic
knowledge into speechrecognitionincludesusing a separate
sub-leical parserby Lau [2], anda three-stata@ecognitionar
chitectureby Chung[3]. In Chungs work, ANGIE basedsub-
lexical modelling is usedin the first and secondstage. The
ANGIE sub-lical modelis also representedy an FST, and
the FSTis constructedy enumeratingll parsingcolumnsoc-
curredin training, then connectingthem using precomputed
ANGIE probabilities. This approachs effective andis ableto



capturea large portion of the sub-lecical probabilistic space
whenphoneticobsenationsarewell supportedy trainingdata.
A full probability spacewithout limiting the generalization
power of probabilisticsub-leical modellingon previously un-

seenwordsmay be desirablevhensub-lical parsetreescon-

tain columnsnot connectedr not seenin thetrainingdata.

3.2. FST based sub-lexical modelsusing a layered approach

It isimportantto noticethat,while aninputphonesequencean
be parsedby an RTN accordingto the correspondindCFG, it
is difficult to apply the context dependenprobabilitiesdirectly
in the RTN. Whentraversingan RTN, a stackis usuallyused
to remembethereturningstatewhenenteringa sub-network of
anon-terminal.No sibling contet informationis remembered.
Onepossiblesolutionis to build a statemachinewith a second
stackto recordthe contet information. In this work, however,
we adopta layeredapproacho capturethe context dependent
probabilities. One convenientfactoris thatthe CFG we useis
a regulatedone and the parsetree hasa fixed numberof lay-
ers.TheRTN constructedrom the sub-lical CFGwill output
ataggedparsestring first. Thena seriesof probabilisticFSTs
areapplied,eachof which is designedo capturethe context-
dependenprobabilitiesfor a particularlayer, andfilter out the
irrelevant parsetags. This designprovidesa view of usinglay-
eredprobabilisticmodelsto augmentCFGs,andfacilitatesin-
dependentlychoosinga suitable probabilisticmodel for each
layer In this work, we usetrigram bottom-upprobabilitiesfor
intermediatelayers, and the phoneadwancemeniprobabilities
for the phonelayer, asdescribedn section2.3. Othermodels
arealsopossibleto usewith this framevork.

3.2.1. Theskipphoneandparsing FSTs

For an input phonesequencea skip phoneFST S illustrated
in Figure 2 is appliedfirst. It encodeghe left contet of pos-
sible deletedphones. The skip phoneFST is then composed
with an RTN R, illustratedin Figure 3, constructedrom the
sub-lical CFG. It outputsthetaggedparsestringrepresenting
the parsetree. For example,thefirst “ SROOT” sub-treen Fig-
urel is representethy “<SROOT> <NUC_LAX+> <ih+> ih
<fih+> </NUC_LAX+> <CODA> <n> n </n> </CODA>
</sroOT>." Thistaggedparsestringis usedto apply context-
dependenprobabilisticmodelsfor eachparsetreelayer

Figure2: Theskip phoneFSTdiagram. An arc labeled* :-n”
representshata phonecanbedeletedf followingan[n] phone
In this case it outputsa “-n” marler for sub-leical parsing

3.2.2. Theintermediaterigramprobabilisticlayers

In our work, the probabilitiesof intermediatdayersare mod-
eledby trigram bottom-upprobabilitiesasillustratedin Equa-
tion 1. The probability of the parentis conditionedon its left
sibling andfirst child. The FST L; is designedo capturethis
contet-dependenprobabilityfor theintermediatéayeri abore

<word>:

<pre> <sroo'r> <uroot> <sroot> <dsuf>
*M

Figure3: TheRTNdiagramfor the sub-lical CFG parser It
parsestheinputphonesequencandgivesataggedparsestring
representinghe parsetree

the phonelevel. It takesin thetaggedparsestring, ignoresir-

relevantparsetagsthroughfilter arcs,andappliestrigramprob-
abilities of layer i. Figure 4 shavs the diagramof the state
transitionsfrom the currentparentP andits left sibling L to its
right sibling R andthe parentP. The probability Prob(P | L, K)

is appliedduringthetransitionswhereK is thefirst child of P.

It could be further simplified given that the catgorieswe use
aregroupednto separatesetsfor eachlayer

filter
labels

)
for .
higher .
@
)

(PR)

§ O

for lower layers

Figure 4: The statediagram in an intermediatelayer proba-
bilistic FST It showsthe transitionsfroma state(L,P) to state
(PR),whee P, L, and R are the current parent, its left sibling
andits right sibling in the parsetree respectively “w” is the
probability Prob (P | L, K), whee K is thefirst child of P.

3.2.3. Thephoneadvancemerprobabilisticlayer

The probabilitiesof the phonelayer are definedby the phone
adwancemenprobabilitiesalsoillustratedin Equationl. The
probability of the next phoneis conditionedon its left column.
The phonelayer FST P encodesuchphonetransitionproba-
bilities. Context-dependenphonebi-gramprobabilitiesacross
word boundariesrealsoapplied.Figure5 shavs the statetran-
sitionsfrom theleft columnto theright column.Back-of states
areaddedto apply phoneadvancemenprobabilitiesfor unseen
columnsduringrecognition.

</Ls> <JL4> <L3> <Lg> <L;> <Lg>lw

O

A

B
filler labelsfor Lo, L1, Lo

Figure 5: The statediagram in a phoneadvancemenprob-
abilistic FST It shows the transition from the left col-
umn A ([Lo, L1, L2, L3, L4, Ls]) to the right column B
(Lo, L1, Lo, L5, L}, L5]). Lo is the top layer category. “w’

is the probability of theright phone(L5) giventheleft column.



3.2.4. Definition of the completesub-lical model

Given the skip phoneFST, parsingRTN andthe probabilistic
modelsdescribedabore, the completecontext-dependenprob-
abilistic hierarchicalsub-leical modelis then definedby the
following FST M:

M=SoRoLioLso...oLny_10P 2)

where N is the numberof parsetree layers, S is the skip
phoneFST, R is thetaggedparsingRTN, L throughLy_, are
the probabilisticFSTsfor intermediatdayersabove the phone
level, and P is the phoneadvancemenprobabilisticFST.

M is precomputedand optimized. It mapsa phonese-
guenceo asub-lical parsetreewith context-dependenprob-
abilistic support. We can choosethe outputof M for further
processing.In our work, we outputthe phonemiclayer cate-
gorieswhich can be usedfor further mappingto morphsand
wordsby recognizers.

3.3. Integrating sub-lexical models with speech recognizers

The speectrecognizemwe useis theMIT suMMIT [6] segment
basedrecognitionsystem.Therecognizes searchspaceis de-
finedasthefollowing cascadef FSTs:

SoAoCoMoLoG 3)

whereS is the acousticsegmentation;A is the acousticomodel,
C is the context-dependentelabelling, M is the sub-leical
model definedby Equation2, L is the lexicon, and G is the
languagemodel. Sucha unified architectureallows seamless
integration of the sub-lical modelswith speectrecognizers,
while preservinggreatflexibility for eachcomponent.

4. Experimental results

The sub-lical modelsdescribedabove aretrainedandevalu-
atedin the JUPITER [7] Englishweatherdomain. Thetraining
setconsistsof 98,121 utterancesandthe independentestset
consistof 2,321 utterancespf which 1,631utterancegontain
in-vocatulary wordsonly.

Two probabilistic hierarchicalmodelsare constructedor
evaluation.Thefirst oneusesa sub-leical CFG up to theword
level, andthe secondone usesa simpler CFG up to the sylla-
ble level, whichyieldsa smallersub-lecical FST M. Sincethe
context-dependenprobabilistichierarchicakub-lical models
have the potentialof providing both structuraland probabilis-
tic constraintdor previously unseerwords,the recognizercan
be configuredto outputan unknavn word tag for a phoneme
sequencehatis not in the vocalulary. We have evaluatedthe
sub-lical modelsin termsof phoneperpleity and recogni-
tion word error rate (WER) on the full testsetandits subset
which containsonly in-vocalulary words. The baselinesystem
is a pronunciationnetwork sub-leical model with phonebi-
gramprobabilisticsupportandit doesnotdetectunseerwords.
Table 1 shavs the phoneperpleity andthe recognitionWER
results. Note that we map all unseenwords to an unknavn
word tag when calculatingWERsfor the hierarchicalmodels.
We seethat the word-level context-dependenprobabilistichi-
erarchicalsub-lical modelhasa comparableperformanceo
the pronunciatiometwork sub-lecical modelon utteranceshat
containonly in-vocalulary words,while beingableto substan-
tially reducetheerrorsonthefull testset. Theword-level model
yieldsa betterperformancehanthe syllable-level model,since
it hasstrongerconstraintsat higherlevels.

Sub-lical In-vocalulary
Models Full TestSet TestSet

Perp. [ WER | Perp. | WER

Baseline 123 | 23.3% | 6.2 12.0%
Word-level

SubJedcal CFG | 66 | 17:2% | 51 | 13.1%
Syllable-level

Sub-lical CFG 72 | 205% | 6.3 | 14.6%

Table 1: Phoneperplexity and WER resultsof different sub-
lexical modelson thefull testsetandits in-vocalulary subset.

5. Conclusions and future work

The work presentedn this paperdemonstrateshe feasibility
of constructingprobabilistichierarchicalsub-leical modelsin
a novel layeredframevork and integrating sucha sub-leical
modelwith speechrecognitionin a unified architecture. Fur-
thermore the proposedsub-leical modelsarealsoableto per
form detailedsub-lical analysisandoutputrelevantinforma-
tion for usewith componentén a higherlinguistic hierarchy

The probabilisticmodelsfor eachlayerarenotrestrictedto
the trigram and phoneadwancemenmodelsusedin this work.
Futurework includesevaluationsontheprobabilisticmodelsfor
eachsub-lical layer, andimprovementsthroughbettermod-
elling of layerspecificinformation. It is corvenientto conduct
suchwork underthis unifiedarchitectureWe arealsointerested
in incorporatingsuch a layeredframeavork at higher linguis-
tic levels. However, the grammarausedat languagdevels are
usuallymuchmorecomplicateccomparedo theregulatedsub-
lexical grammars. An alternatve approachis to directly con-
structstatetransducershat are ableto remembetthe context-
dependeninformation. Although sucha device may not be fi-
nite state,it canbe composediynamicallyduringrecognition.
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