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Abstract
This paper describesa unified architecturefor integrat-

ing sub-lexical modelswith speechrecognition,anda layered
framework for context-dependentprobabilistichierarchicalsub-
lexical modelling.Previouswork [1, 2, 3] hasdemonstratedthe
effectivenessof sub-lexical modellingusinga corecontext-free
grammar(CFG)augmentedwith context-dependentprobabilis-
tic models.Our majormotivationfor designinga unifiedarchi-
tectureis to provide a framework suchthat probabilisticsub-
lexical componentscanbe integratedwith otherspeechrecog-
nition componentswithout sacrificingthe flexibilities of their
independentdevelopmentsand configurations. At the same
time, we areableto obtaina tightly coupledinterfacebetween
recognizersand sub-lexical linguistic components. We also
presentaview of usinglayeredprobabilisticmodelsto augment
CFGs. It capturescontext-dependentprobabilisticinformation
beyondthestandardCFGformalism,andprovidestheflexibil-
ity of developing suitableprobabilisticmodelsindependently
for eachsub-lexical layer. Experimentalresultsshow that the
context-dependentprobabilistic hierarchicalsub-lexical mod-
elling approachcan achieve comparableperformanceto pro-
nunciationnetwork approacheson utterancesthatcontainonly
in-vocabulary words,while beingable to substantiallyreduce
errorsonutteranceswith previously unseenwords.

1. Introduction
The goal of sub-lexical modelling in speechrecognition is
to model the constructionof words robustly usingsub-lexical
units,which aresupportedby acousticmodelsof a speechrec-
ognizer. For example,when acousticmodelsare established
at the phonelevel, commonlyusedsub-lexical modellingap-
proachesinclude explicit modelling using pronunciationnet-
works and implicit modelling using Hidden Markov Models
(HMMs). In thesecases,the mappingfrom phonesto words
is mainly basedon local context-dependentconstraintssuchas
phonologicalrules.Furtherstudieshaverevealedmoredetailed
hierarchicallinguistic structuresof sub-lexical units, and re-
searchershave recentlydemonstratedthat incorporatinghier-
archicalsub-lexical linguistic informationcanimprove the ro-
bustnessandflexibility of sub-lexical supportfor speechrecog-
nition [1, 2, 3].

One important problem that influencesthe effective use
of sub-lexical linguistic constraintsis the lack of a general�
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framework to expressandapply hierarchicallinguistic knowl-
edge. Most speechsystemsuseseparatelyimplementedsub-
lexical linguistic components,which arespecificallydesigned
for someparticularrecognizerarchitecture,andaredifficult to
re-configureor extendto suit a wider varietyof applicationre-
quirements.Anotherfactorin usingsuchsub-lexical linguistic
knowledgeis theintegrationinterfacewith aspeechrecognizer.
PossibleinterfacesincludeN-bestlists andphonegraphspro-
ducedby arecognizer. Furtherlinguisticconstraintsareapplied
to theN-bestlistsor phonegraphsatasubsequentstage.While
this approachcanreducethe complexity at later stages,early
integrationinto the recognitionsearchphasemay be desirable
becausethesearchcanthenbeguidedfrom theavailablehier-
archicalsub-lexical linguistic constraints.Incorrecthypotheses
couldbeprunedearlyin a tightly coupledinterface.

In this paper, we presenta unified architecturebasedon
finite state transducers(FSTs), which seamlesslyintegrates
context-dependentprobabilistic hierarchicalsub-lexical 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 knowledgesourcesacrossthe linguistic hierarchy. In our
approach,we constructthe hierarchicalsub-lexical model by
composinga CFG parserand a seriesof probabilisticFSTs,
eachof which is designedto capturethelayer-specificcontext-
dependentprobabilities.Suchcontext-dependentinformationis
beyondthestandardCFGformalism.TheresultingFSTis then
composedwith otherFSTsin therecognizer, suchastheacous-
tic modellingandlanguagemodellingFSTs. The final search
spaceis a unifiednetwork thatencodesknowledgeat bothsub-
lexical andlanguagelevels.This unifiedarchitectureallows in-
dependentdevelopmentsof recognitionand linguistic compo-
nents,while maintainingtight integrationbetweenthetwo.

2. Sub-lexical modelling using probabilistic
hierarchical approaches

Most modern speechrecognizersuse sub-lexical units for
acousticmodelling to increasethe recognizer’s flexibility and
alleviate the sparsedata problem. When units smaller than
wordsareusedasbasicunits for speechrecognition,it is nec-
essaryto establisha mappingfrom sub-lexical units to words,
sincewordsarenaturalunits for applyinghigherlevel linguis-
tic knowledge.Oneapproachis to usepronunciationnetworks
whenbasicacousticmodelsarebasedonphones.Thepronunci-
ationnetwork is usuallygeneratedby convertingadictionaryto
abaseformnetwork; thencontext-dependentphonologicalrules
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Figure1: TheANGIE hierarchical structure of theword “intr o-
duce”. Thebottomlayer showsthephonerealizations.[-n] is
a phonedeletionfollowingbyan [n] phone.

are appliedto the baseformnetwork to allow different phone
realizations.Thephonologicalvariationscanalsobemodelled
implicitly in anHMM acousticmodel.

Anotherapproach[1, 2, 3] demonstratedby researchersto
be effective is to usea corecontext-free grammarto describe
thesub-lexical hierarchicalstructureof wordsandaugmentthe
CFG with context-dependentprobabilitiesto capturedifferent
phonologicalvariations. While the pronunciationnetwork is
constructedfrom explicit rulesfor differentlocal contexts, the
probabilisticCFG approachrelieson a large amountof train-
ing datato learn the context-dependentknowledge,especially
at lower levels of the sub-lexical hierarchy. At the sametime,
it preservesstrongstructuralconstraintsathigherlevels.More-
over, it hasthe potentialto provide detailedsub-lexical struc-
tural analysisfor wordsnot limited to a specificvocabulary.

2.1. Sub-lexical linguistic hierarchy

Genericstructuralconstraintsfor sub-lexical units can be ob-
tainedby definingaCFGwhichencodessub-lexical grammati-
cal information.Theconstraintis tighterat higherlevelsof the
sub-lexical hierarchy. At lower levels,a CFGusuallydoesnot
provide effective constraintsby itself becauserealizationvaria-
tionstendto bemorecontext-dependent.

Figure1 shows an exampleparsetreeof sub-lexical units
usingtheANGIE [1] sub-lexical rules.ANGIE is anhierarchical
framework developedin ourgroup,whichmodelsmultiplesub-
lexical linguistic phenomena,including phonetics,phonemics,
syllabificationandmorphology. Thehierarchicalrepresentation
hasa regular, layeredstructure.Thecategoriesin thegrammar
aregroupedinto separatesetsfor eachof thelayers.For exam-
ple, the morphologylayercontainscategoriessuchasstressed
andunstressedroots(SROOTsandUROOTs),andthesyllabifi-
cationlayercontainscategoriesof onsetsandnucleus(ONSETs
and NUCs), etc. Stressandonsetmarkers(+ and !) are pre-
served in the phonemiclayer, sinceboth of themcanprovide
additionalinformationfor phonologicaleffectsat thephonetic
layer. Sucharegulatedgrammaris ableto providegenericword
structuralconstraints,while maintainingsimplicity.

2.2. Context-free rule-production probabilistic models

We have conductedsomeresearchto examine the structural
constraintsabove the phonemelayer provided by hierarchical
sub-lexical modelsusingcontext-free grammars[5]. Context-
free rule-productionprobabilitiesarealsousedto augmentthe
grammars. We found that context-free grammarswith rule-
productionprobabilitiesareeffective in describingthe generic
word structuresabove the phonemiclevel. However, it is not
sufficient to accountfor context-dependentinformation,espe-
cially at lower sub-lexical levels.

2.3. Context-dependent probabilistic hierarchical models

It is importantto realizethatat lower levels of the sub-lexical
hierarchy, especiallyat thephoneticlevel, thephonologicalre-
alizationof phonesis highly context-dependent.For example,
theword “keep” is phonemically/kip/, andthe /k/ is aspirated
(followedbyaburstof air). In contrast,theword“ski” is phone-
mically /ski/ but the /k/ is not aspirated,becausethe /k/ is pre-
cededby an/s/. In orderto modelsuchcontext sensitiveknowl-
edge,researchershave proposedprobabilisticframeworkswith
CFGsthataccountfor context informationthroughtraining. In
ourwork, we appliedtheprobabilisticmodelsof ANGIE. There
aretwo typesof probabilitiesin ANGIE: thephoneadvancement
probability, whichis theprobabilityof thecurrentphone(termi-
nal) given thepathfrom the top nodeto theprevious phonein
theparsetree(calleda columnin [1]); andthetrigrambottom-
up probability, which is theprobabilityof aninternalparsetree
node(non-terminal)givenits first child andleft sibling. A back-
off mechanismis alsousedto alleviate thesparsetrainingdata
problem.Theprobabilityof aparsetreeis givenby theproduct
of thecolumnprobabilitiesconditionedon its left column,as-
sumingthat they areindependent.The conditionalprobability
of a columnis further definedasthe productof the phonead-
vancementprobability and trigram bottom-upprobabilitiesof
the internalnodesin thecolumn. For example,theconditional
probabilityof thesecondcolumnin Figure1 is definedas:

\�]�^`_ba	^ �dc�e \�]8f g,h$a1f i�j,hlkbm�i�j�nIm�kIg�o,p q�r�s�ntkvu8w8x4x:y�k�zZx:w8{ c| \}]~m�g6m�a1f g,hlkZm�i�j�nIm c| \}]�p�x4{,r�a4m�g6m:kvg�o,p q�r�s�n c (1)

3. FST based context-dependent
probabilistic hierarchical modelling

In this work, we proposea unifiedarchitecturebasedon FSTs
thatseamlesslyintegratescontext-dependentprobabilistichier-
archicalsub-lexical modellingwith speechrecognition.Thehi-
erarchicalsub-lexical modelis designedby composingaRecur-
sive TransitionNetwork (RTN) parserfor CFGsanda seriesof
context-dependentprobabilisticFSTs.

3.1. Motivation and related work

The major motivation for designinga unified architectureis
to provide a framework for integratingprobabilisticsub-lexical
componentswith otherspeechrecognitioncomponentswithout
sacrificing the flexibilities of their independentdevelopments
andconfigurations.At the sametime, we areableto obtaina
tightly coupledinterfacebetweena recognizerandsub-lexical
linguistic components. Using probabilistic hierarchicalsub-
lexical modelsalso provides linguistic supportfor previously
unseenwordsthroughstructuralandprobabilisticinformation
generalizedfrom trainingdata.Furthermore,it canprovide de-
tailedsub-lexical analysisobtainedfrom theparsetreefor fur-
therusewith higherlevel components.

Previous researchtoward integratingsub-lexical linguistic
knowledge into speechrecognitionincludesusing a separate
sub-lexical parserby Lau [2], anda three-staterecognitionar-
chitectureby Chung[3]. In Chung’s work, ANGIE basedsub-
lexical modelling is usedin the first and secondstage. The
ANGIE sub-lexical model is also representedby an FST, and
theFSTis constructedby enumeratingall parsingcolumnsoc-
curred in training, then connectingthem using precomputed
ANGIE probabilities. This approachis effective andis able to
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capturea large portion of the sub-lexical probabilistic space
whenphoneticobservationsarewell supportedby trainingdata.
A full probability spacewithout limiting the generalization
power of probabilisticsub-lexical modellingon previously un-
seenwordsmaybedesirablewhensub-lexical parsetreescon-
tain columnsnotconnectedor not seenin thetrainingdata.

3.2. FST based sub-lexical models using a layered approach

It is importantto noticethat,while aninputphonesequencecan
be parsedby an RTN accordingto the correspondingCFG, it
is difficult to apply thecontext dependentprobabilitiesdirectly
in the RTN. Whentraversingan RTN, a stackis usuallyused
to rememberthereturningstatewhenenteringasub-network of
a non-terminal.No sibling context informationis remembered.
Onepossiblesolutionis to build a statemachinewith a second
stackto recordthecontext information. In this work, however,
we adopta layeredapproachto capturethe context dependent
probabilities.Oneconvenientfactoris that the CFGwe useis
a regulatedoneandthe parsetreehasa fixed numberof lay-
ers.TheRTN constructedfrom thesub-lexical CFGwill output
a taggedparsestring first. Thena seriesof probabilisticFSTs
areapplied,eachof which is designedto capturethe context-
dependentprobabilitiesfor a particularlayer, andfilter out the
irrelevantparsetags.This designprovidesa view of usinglay-
eredprobabilisticmodelsto augmentCFGs,andfacilitatesin-
dependentlychoosinga suitableprobabilisticmodel for each
layer. In this work, we usetrigrambottom-upprobabilitiesfor
intermediatelayers,and the phoneadvancementprobabilities
for the phonelayer, asdescribedin section2.3. Othermodels
arealsopossibleto usewith this framework.

3.2.1. TheskipphoneandparsingFSTs

For an input phonesequence,a skip phoneFST � illustrated
in Figure2 is appliedfirst. It encodesthe left context of pos-
sible deletedphones. The skip phoneFST is then composed
with an RTN � , illustratedin Figure3, constructedfrom the
sub-lexical CFG.It outputsthetaggedparsestringrepresenting
theparsetree. For example,thefirst “ SROOT” sub-treein Fig-
ure1 is representedby “ � SROOT ��� NUC LAX+ ��� ih+ � ih� /ih+ �}� /NUC LAX+ ��� CODA ��� n� n � /n�}� /CODA �� /SROOT � .” This taggedparsestringis usedto applycontext-
dependentprobabilisticmodelsfor eachparsetreelayer.

aa:aa

n:n
zh:zh

m:m

n:n

m:m �
:-m

�
:-n

�)�d� �)�d�

Figure2: TheskipphoneFSTdiagram. An arc labeled“ � :-n”
representsthata phonecanbedeletedif followingan[n] phone.
In this case, it outputsa “-n” marker for sub-lexical parsing.

3.2.2. Theintermediatetrigramprobabilisticlayers

In our work, the probabilitiesof intermediatelayersaremod-
eledby trigram bottom-upprobabilitiesasillustratedin Equa-
tion 1. The probability of the parentis conditionedon its left
sibling andfirst child. The FST ��� is designedto capturethis
context-dependentprobabilityfor theintermediatelayer � above
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Figure3: TheRTNdiagramfor thesub-lexical CFG parser. It
parsestheinputphonesequenceandgivesa taggedparsestring
representingtheparsetree.

the phonelevel. It takesin the taggedparsestring, ignoresir-
relevantparsetagsthroughfilter arcs,andappliestrigramprob-
abilities of layer � . Figure 4 shows the diagramof the state
transitionsfrom thecurrentparentP andits left sibling L to its
right siblingR andtheparentP. TheprobabilityProb(P

a
L, K)

is appliedduringthetransitions,whereK is thefirst child of P.
It could be further simplified given that the categorieswe use
aregroupedinto separatesetsfor eachlayer.

<K>/w </L> <R>
(L,P) (P,R)

filter
labels

for
higher
layers

for lower layers
filter labels

Figure 4: The statediagram in an intermediatelayer proba-
bilistic FST. It showsthe transitionsfroma state(L,P) to state
(P,R), where P, L, andR are the current parent, its left sibling
and its right sibling in the parsetree, respectively. “w” is the
probabilityProb (P

a
L, K), where K is thefirst child of P.

3.2.3. Thephoneadvancementprobabilisticlayer

The probabilitiesof the phonelayer aredefinedby the phone
advancementprobabilitiesalso illustratedin Equation1. The
probabilityof thenext phoneis conditionedon its left column.
The phonelayer FST

\
encodessuchphonetransitionproba-

bilities. Context-dependentphonebi-gramprobabilitiesacross
wordboundariesarealsoapplied.Figure5 showsthestatetran-
sitionsfrom theleft columnto theright column.Back-off states
areaddedto applyphoneadvancementprobabilitiesfor unseen
columnsduringrecognition.

< > < > < >< >< > < > / w/ §<¨ /§ª© §=«©§=«¬/§ ¬ §=«¨
.
.
.

A B

filler labelsfor §<­4®!§�¯�®!§<°
Figure 5: The statediagram in a phoneadvancementprob-
abilistic FST. It shows the transition from the left col-
umn A

]8f ��± k � � k � _ k ��² k ��³ k ��´ h c to the right column B]8f � ± k � � k � _�k �Zµ² k �bµ³ k �bµ´ h c . � ± is the top layer category. “w”
is theprobability of theright phone(� µ´ ) giventheleft column.
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3.2.4. Definitionof thecompletesub-lexical model

Given the skip phoneFST, parsingRTN andthe probabilistic
modelsdescribedabove, thecompletecontext-dependentprob-
abilistic hierarchicalsub-lexical model is then definedby the
following FST ¶ :

¶ e �B·��¸·v� � ·I� _ ·�¹�¹�¹�·v�»º½¼ � · \
(2)

where ¾ is the numberof parsetree layers, � is the skip
phoneFST, � is thetaggedparsingRTN, � � through�»º½¼ � are
theprobabilisticFSTsfor intermediatelayersabove thephone
level, and

\
is thephoneadvancementprobabilisticFST.¶ is precomputedand optimized. It mapsa phonese-

quenceto asub-lexical parsetreewith context-dependentprob-
abilistic support. We can choosethe outputof ¶ for further
processing.In our work, we output the phonemiclayer cate-
gorieswhich can be usedfor further mappingto morphsand
wordsby recognizers.

3.3. Integrating sub-lexical models with speech recognizers

Thespeechrecognizerwe useis theMIT SUMMIT [6] segment
basedrecognitionsystem.Therecognizer’s searchspaceis de-
finedasthefollowing cascadeof FSTs:

�¿·IÀ¸·?ÁÂ·I¶Ã·I�.·�Ä (3)

where � is theacousticsegmentation;À is theacousticmodel,Á is the context-dependentrelabelling, ¶ is the sub-lexical
model definedby Equation2, � is the lexicon, and Ä is the
languagemodel. Sucha unified architectureallows seamless
integrationof the sub-lexical modelswith speechrecognizers,
while preservinggreatflexibility for eachcomponent.

4. Experimental results
Thesub-lexical modelsdescribedabove aretrainedandevalu-
atedin the JUPITER [7] Englishweatherdomain. The training
setconsistsof 98,121utterances,andthe independenttestset
consistsof 2,321utterances,of which 1,631utterancescontain
in-vocabulary wordsonly.

Two probabilistichierarchicalmodelsare constructedfor
evaluation.Thefirst oneusesa sub-lexical CFGup to theword
level, andthe secondoneusesa simplerCFG up to the sylla-
ble level, which yieldsa smallersub-lexical FST ¶ . Sincethe
context-dependentprobabilistichierarchicalsub-lexical models
have the potentialof providing both structuralandprobabilis-
tic constraintsfor previously unseenwords,therecognizercan
be configuredto outputan unknown word tag for a phoneme
sequencethat is not in the vocabulary. We have evaluatedthe
sub-lexical modelsin termsof phoneperplexity and recogni-
tion word error rate (WER) on the full test setand its subset
which containsonly in-vocabulary words.Thebaselinesystem
is a pronunciationnetwork sub-lexical model with phonebi-
gramprobabilisticsupport,andit doesnotdetectunseenwords.
Table1 shows the phoneperplexity andthe recognitionWER
results. Note that we map all unseenwords to an unknown
word tag whencalculatingWERsfor the hierarchicalmodels.
We seethat the word-level context-dependentprobabilistichi-
erarchicalsub-lexical modelhasa comparableperformanceto
thepronunciationnetwork sub-lexical modelon utterancesthat
containonly in-vocabulary words,while beingableto substan-
tially reducetheerrorsonthefull testset.Theword-level model
yieldsa betterperformancethanthesyllable-level model,since
it hasstrongerconstraintsat higherlevels.

Sub-lexical
Models

Full TestSet
In-vocabulary

TestSet
Perp. WER Perp. WER

Baseline 12.3 23.3% 6.2 12.0%
Word-level

Sub-lexical CFG
6.6 17.2% 5.1 13.1%

Syllable-level
Sub-lexical CFG

7.2 20.5% 6.3 14.6%

Table 1: Phoneperplexity and WERresultsof different sub-
lexical modelson thefull testsetandits in-vocabulary subset.

5. Conclusions and future work
The work presentedin this paperdemonstratesthe feasibility
of constructingprobabilistichierarchicalsub-lexical modelsin
a novel layeredframework and integrating sucha sub-lexical
modelwith speechrecognitionin a unified architecture.Fur-
thermore,theproposedsub-lexical modelsarealsoableto per-
form detailedsub-lexical analysis,andoutputrelevantinforma-
tion for usewith componentsin a higherlinguistichierarchy.

Theprobabilisticmodelsfor eachlayerarenot restrictedto
the trigram andphoneadvancementmodelsusedin this work.
Futurework includesevaluationsontheprobabilisticmodelsfor
eachsub-lexical layer, andimprovementsthroughbettermod-
elling of layer-specificinformation. It is convenientto conduct
suchwork underthisunifiedarchitecture.Wearealsointerested
in incorporatingsucha layeredframework at higher linguis-
tic levels. However, the grammarsusedat languagelevels are
usuallymuchmorecomplicatedcomparedto theregulatedsub-
lexical grammars.An alternative approachis to directly con-
structstatetransducersthat areableto rememberthe context-
dependentinformation. Althoughsucha device maynot befi-
nite state,it canbecomposeddynamicallyduringrecognition.
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