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Abstract

This paperreportson a pronunciatiormodelingtoolkit — pm-
tools— thatallows oneto trainaweightedfinite-stateransduc-
er usinga Classificatiorand RegressionTree (CART) training
paradigm.Tools are provided to automaticallyalign a pronun-
ciationdictionaryconsistingof a setof wordsandtheir pronun-
ciations trainasetof CART treesonthealigneddictionary and
compilethosetreesout into a specialclassof weightedfinite-
statetransducer Most of the compleity — aligning the data,
labelingthe datawith featuresandtrainingthetrees— is hid-
denfrom theuser

While somenew techniquesg.g. in automaticalignment,
areintroducedhere,the main focusof this work is to provide
atoolkit to easethe developmentof pronunciationrmodelsus-
ing fairly standardtechniques.By the time of the workshop,
pmtoolswill beavailablefreefor non-commercialise.

1. Introduction

There has been a veritable cottage industry of different
approachesto automatically inferring pronunciation mod-
els from labeled data; see[18, 9, 7, 11, 1, 6, 21, 2, 8],
inter alia. There is also specialized software (e.g.
http://il k. kub.nl/~antal b/webstuff.htm)
availablefor trainingsuchmodels.

Onepopulartraining paradigmfor automaticallydeducing
pronunciationmodels— whethergrapheme-to-phonemeon-
versionor phoneme-to-phoneonversion— is decisiontrees,
especiallyClassificationand RegressionTrees,or CART [3].
Tree-basednethodswvereintroducednto pronunciatiormodel-
ingin [4, 14,15, 16]. Oneadwantageof CART is thatit is fairly
efficientto train, andcanproducerelatively compacimodels.

Onedisadwantageof CART andothermethodsthough,is
thatit typically requiressomework on the part of the userto
massagéhedatainto aformatthatcanbeusedto trainthemod-
els. In pronunciatiormodelingthis will typically requireof the
userthatthey convertahumanreadablalictionaryconsistingof
pairedspellingsand pronunciationsnto a fairly opaquesetof
input andoutputfeaturevectors,correspondindgo eachpairing
of inputandoutputsymbolin a givencontext.

A secondlisadwantages that,while it is easyto usea setof
CART treesto predictpronunciationgor strings,it is somevhat
lessstraightforvard to usethemwith recognitionnetworks or
lattices; approacheshat have usedthemin this way suchas
[17] have tendedto rely on somavhatadhocmethods.

This seconddisadwantagehaspromptedinvestigationsnto
compiling decisiontreesinto weightedfinite-statetransducers
(WFST's) [20], which canthenbe useddirectly aspronuncia-
tion modelsin ASR systemgq13], orin TTS systemg19]. But
the problemhereis thatthe resultingWFST’s canbecomevery

large,andin somecasesompilationbecomesdntractable. Para-

doxically, the sizeof transducerfiaspromptedrecentresearch
into “re-engineering"WFST'’s by “compiling” theminto deci-

siontrees;see[10].

This papereportson a pronunciatiormodelingtoolkit that
attemptgo addresshesadisadwantage®f CART-basegronun-
ciation models,andtheir compilationinto decisiontrees. The
system calledpmtools providestools for automaticallyalign-
ing a pronunciationdictionary traininga setof CART models,
andcompiling theminto a new classof WFST, built on top of
the AT&T fsmlibrary [12], that usesthe decisiontreesdirect-
ly. ThetreeclassWFST constructsarcsandstate“on thefly”,
andthusobviatestheneedto compilethetreesinto a potentially
large WFST.

By thetime of theworkshop pmtools alongwith documen-
tatioln andexampleswill be availablefree for non-commercial
use:

2. Alignment: pmalign

In training a string-to-stringmappingsuchas a pronunciation
model one startswith a “dictionary” that represents sample
of the string-to-stringmappingthatoneis trying to learn. Con-

creteinstancesf “dictionaries” include, of course,pronunci-
ation dictionariesrepresentingvordsin their standardorthog-
raphyandin phonetictranscription(Table 1); but also, for ex-

ample dictionariesof abbreviationsandtheir expansionspr (in

the context of speechrecognition)phonemictranscriptionsof

sentencealongsidewith their obsened phoneticsequencefor

the sale of the currentdiscussiorwe will assumeve arestart-
ing with a pronunciationdictionary andthatwe areattempting
to infer asetof grapheme-to-phonemales.

Typically the first requirementin training a grapeme-to-
phonememodelis to producean alignmentof the graphemes
and phonemes.Suchan alignmentbetweenthe graphemese-
guence(natiorn) andthe phonemesequencénesn/, might map
{(n) to /n/, (a) to e/, {t) to /8/, (i) to null, (o) to /o/ and(n) to
/n/. Suchalignmentsmight be doneby hand— or morelikely
by somehand-constructepgrogram(aswasthecasein thework
reportedin [16]); or they might be computedby an automatic
self-oiganizingprocedure.

Oneapproachn thelatterveinis thatof Daelemansndvan
denBosch[6]. This methodconsidersfor eachorthographic-
phoneticword pair, all possiblestartingpositionsfor aligning
thetwo, keepingsymbolsof eachcontiguous Thusfor the pair
(rookie) and /ruki/ we would have the following alignments,
where“-" representsull:

INote that the fsm library and the lextools pack-
age are already available for non-commercial use:
http://ww. research. att.confsw tool s/ {fsmlextool s}.



aabeg AbRg
aaler akR
aamodt &mot
aardema ordemé&
aaron aré&n
aarons ar&nz
aaronson ar&ns&n
aasen osin
abad ab&d
abadie &badE
abair AbAr
abalos ab&IlOs
abarca &bork&
abare Aber
abate &botE
abbas ab&s
abbasi &baskE
abbate &bAt
abbatiello ab&tEelO

’ (epsilor) (orth. apostropheleletes)
(epsilor) stress (stressnserts)

orthVowel  phon\owel  (orth. vow. — phon.vow.)
orthCons  phonCons  (orth. cons.— phon.cons.)
orthLiquid phonLiquid (orth. liquids — phon.lig.)

Tablel: A samplefrom an Englishpronuncatiordictionary of
names.

(r () (ok) (ki) (i-) (e-)
(r-) (n (ou) (kk) () (e-)
(r-) (©-) (on (ku) (k) (el

Of coursein ary givencasemary of thealignmentswill beim-
plausible;for exampletherearerelatively few caseswvherethe
first phonemeof aword correspondso thethird letter, asin the
third alignment. But the methoddependgas doesthe method
in pmalignreportedbelan), uponthe majority of specificletter
phonemaalignmentsheingreasonable.

For eachalignmentcomputedasabove, a heuristiccostis
assigneddependinguponhow muchof an offsetfrom the left
is foundin thealignment.Theseheuristiccostsarethenkeptin
amatrix andfor eachword the alignmentis chosenthat mini-
mizesthe cost.

The alignmentmethodwe presenthere differs from the
DaelemansaindvandenBoschmethodin a few respectsFirst,
while thecostsin theDaelemanandvandenBoschmethodare
to someextentad hoc,in the presenimethodthey arebasecn
probability estimatef the grapheme-to-phonenaignments.
Secondtheir methodassumeshat, besidessubstitutionspnly
deletions(of letters)are necessarynot insertions(of phonetic
symbols).But insertionsdo occur: for examplestresssymbol-
s in the phonetictranscriptionusually correspondo no ortho-
graphicsymbol. The currentmethodhandlesnsertions aswe
shallsee.Finally, the Daeleman&ndvandenBoschis a“one-
pass”methodthatis donepurelyfor initial datapreparationin
contrastaswe shalldiscusselow, our methodallows for iter-
ative improvementof the alignment,by first aligning the data,
training a pronunciationmodel (Section3) andrealigningthe
datausingthe derived pronunciationmodel, retrainingand so
forth.

Theinputto pmalignis the textual representationf a dic-
tionary, which shouldconsistof a two columnformatwith the
orthographyword in the first columnandthe pronunciationin
thesecondcolumn(assumingneis interestedn mappingfrom
graphemeénto phonemes)the dictionaryin Table1 is in the
appropriateformat. Words may have multiple pronunciations,
aslongasthesearelistedon separatéines,with thecorrespond-

Table2: Somehintsfor pmalign Notethat (epsilor) herede-
notesnull. The semanticof the variousclasseqe.g. phonR

aredefinedby a labelfile thatis oneof therequiredarguments
to pmalign

ing spelledword in thefirst column.

In the initial “training” phase,the algorithm computes
a simple left-to-right (alternatvely right-to-left) one-forone
alignmentbetweerorthographi@andphoneticsymbolsfor each
orthography-pronunciatiopair. Statisticson the grapheme-
phonemanmatchesarekeptin atable,andareusedto construct
asingle-stat&VFST, whichwe callamap Eacharcin this WF-
STis labeledwith oneof theobsered grapheme-phonensor-
respondence&sinput andoutputlabel, respectiely), andthe
costis the negative log of the probability estimatefor the cor
respondenceyherethis is computedrom the maximumlik eli-
hoodestimategiventhe obseredfrequeng.

The initial alignmentcanbe guidedby providing a setof
hints This is a goodthing to do if thereare somereasonable
generalrulesof thumbthat could benefitthe initial alignment:
thehintsafford away of providing expertinputto theotherwise
automaticalignmentprocessat a minimal cost. For example,
reasonabldints might be that a phoneticstresssymbolcorre-
spondsto no orthographicsymbol, or thata phoneticvowel is
realizedasanorthographiovowel; seeTable2. The hintswork
asfollows. As thealignertraversegheinputandoutputstrings,
it first looksat the input symbolandseesf thereareary input
hintsfor thatsymbol. If thereare,andthe hintis to delete(i.e.,
to mapto epsilon) thenit will consumeheinputsymbolbut not
the outputsymbolandthenmove onto thenext step.If thehint
includesthe outputsymbolthenboth will be consumed.Oth-
erwise,it looks at the outputsymbolandseesf thereareary
hints. If thereis aninsertionhint for the out- putsymbol(i.e., it
mapsfrom epsilon),the outputwill be consumedptherwiseif
thereis amatchwith theinput, thentheinputwill beconsumed.
If thesestepsall fail thenthe algorithmtriesto greedilydelete
or insertby looking at whetherthereare symbolsthat matchif
onefirst eliminatesthe currentinput symbolby deletion,or the
currentoutputsymbolby deletion.If thatall fails, thenthe sys-
temsimply forcesa matchbetweerthe currentinputandoutput
symbols.

After themapWFSTis constructedt is usedto realignthe
dictionary andthen computea secondround of statisticsand
a secondaligner Therealignmenis computedby computing,
for eachword, the compositionof the graphemesequenceep-
resentedsa finite-stateaccepto(FSA) I with themapM and
thephonemesequenceepresentedsanFSA @, andthencom-
putingthe cheapest-cogiath:

ChegpegPath(l oM o @)
Sincethe arcsof M are weightedwith the unigram negative

log probabilityestimategor thegrapheme-phonens®rrespon-
dencesthisis equialentto computing

argmax; p(ci)



for eachcorrespondence in the lattice of possiblecorrespon-
dencesnT oMo ®.

As implied by the above discussionthis methodwill pro-
ducealignmentghatincludeinsertionsof phoneticsymbols,or
morespecifically— casesvhereanoutputsymbolcorresponds
to null on the input side. This is undesirablaf the alignmen-
t is to be usedin a training proceduresuchas that described
in Section3. Onecan, of course,easilyenoughtrain a model
for insertionghatpredicts giventhatyou know youwill insert,
what symbol shouldbe inserted. The problemlies in know-
ing whenyou shouldinsertin the first place. (Note thatthere
is no comparableproblemwith deletions.) One possibility is
simply to pad the input with nulls betweenevery pair of re-
al symbols,asproposedn [10]. The solutionadoptedhereis
to concatenateutputsymbolswheneer thereis aninsertionso
thatagiveninputsymbolmaycorrespondo morethanoneout-
putsymbol:insertionthusgetsreplacedvith substitutiorwith a
comple symbol.Complex symbolscorrespondingo insertions
aregeneratedby consideringhevariouswaysin whichtheout-
putsymbolscouldbelocally combinednto asinglesymbol. To
seehow thisworksconsidera casewheretherearetwo adjacent
insertions:

Input a - - d
Output A B C D

Therearethreepossiblewaysto reanalyzehis mapping:
1. a— ABC,d—D
2. a— AB,d—CD
3.a— A d—BCD

All of thesepossibilitiesare proposed As before,statisticsare
collectedovertheentiredictionary thecomplex symbols along
with thesimplesymbol-to-symboindsymbol-to-deletiompair-
ingsareaddedto a nev mapM’, andM’ is usedto realignthe
dictionaryasbefore.

Thefinal outputof pmalignis analigneddictionary which
is representeds an ag/clic WFST. If complex symbolswere
generatedan auxiliary transducelis producedthat translates
from thosecomplex symbolsto stringsof simplex symbols.

3. Training: pmcontext

After onehasproducedanalignmentfor thedictionary thenext
phaseis to train a setof decisiontrees. For eachinput symbol
(in the currentdiscussiona graphemejve wish to build atree
thatpredictsthe outputsit canhave giventhe contet in which
onefindsit. In the currentversionof pmcontat, the contexts
are definedas fixed windows of zero or more symbolsto the
left, andzeroor moresymbolsto theright; threesymbolsto the
left andright would be atypical reasonableontext.

As with previous CART-basedwork on speechand lan-
guage,one needsto provide a featural decompositionof the
symbolsthat one will find in the input. This is becauseor
catgyorical independentariables(i.e., which of a given setof
symbolsis at a particularpositionin the context), the algorith-
m examinesall possibleways of dividing the data. Sincethis
is O(2N), whereN is the numberof symbols, this is generally
too large for ary reasonableetof input symbols;see[15, 16]
for discussion We thereforeprovide a featuraldecomposition;
seeTable3. Giventheseuserprovidedfeaturespmcontat then
automaticallyabelsthecontets. For example,assumingacon-
text of threeon eitherside, the contect around(a) in (scattey
— (-sc_tte) would be:

vow Va n/fa n/a
vow Ve n/a n/a
vow Vi n/fa n/a
vow Vo n/fa n/a
vow Vu nfa n/a
cons nfa Cb n/a
cons nfa Cc n/a
cons nfa Cd n/a
cons n/fa nfa Cf
cons nfa Cg n/a
cons n/a n/fa Ch
cons nfa nfa G
cons nfa Ck n/a
cons nfa n/fa C
cons n/fa n/fa Cm
cons n/fa n/fa Cn
cons nfa Cp n/la
cons nfa Cq n/a
cons nfa nfa Cr
cons n/a n/a Cs
cons nfla & n/a
cons n/a n/fa Cv
cons n/fa n/fa Cw
cons nfa Cx n/a
cons n/fa n/la Cy
cons nfa n/fa Cz
d pad pad pad pad

'CJN‘<><§<""U)“‘Q'ODB_X'_'3LQ_"Q_OO'CO_'CDQJ
QO

Table 3: Featuraldecompositiorof English letters. Columns
2—4are: majortype (vowel or consonant)yowel identity; con-
sonantidentity group1; consonantdentity group2. Consonant
identity is divided into two featuressincethe setwould other
wisebetoobig. padis adesignategadsymbol



[ pad pad pad pad]
[cons n/a n/a Cs]
[cons n/a Cc n/a]
[cons nfa & n/a]
[cons nfa & n/a]
[vow Ve n/a n/a]

The labelingis accomplishedy composingthe input side of
the aligned dictionary with a transducer(actually a minimal
decisiontree classtransducerSection4) that mapseachdis-
tinct input symbol plus contextt combinationto a uniqguesym-
bol, alignedwith the correspondingutputsymbol. Then, for
eachinput symbol,a treemodelis constructedconsistingof a
setof featurevectors,and correspondingutputvalues. Note
that we do not countthe numberof times eachfeaturevec-
tor/outputvaluepairoccursin thealigneddictionarytransducer
but ratherthe numberof timesthatit occursin the correspond-
ing word/pronunciationist: singlearcsin the transducemay
be sharecamongwordsandthusmay correspondo severalin-
stancesof the pair in the text versionof the dictionary The
truenumberof instance®f a particularpair canbe computeds-
traightforwardly from the transduceby calculatingthe number
of distinctpathsfrom theinitial to afinal statethatpassthrough
eacharc.

From the tree models,treesare constructedpne for each
input symbol,usingthe CART algorithm[3, 15, 16]. Thetrees
arethencollectedandcompiledinto a decisiontreetransducer
whichwe describen the next section.

4. TheDecision Tree WFST Class

Oneimportantfeatureof the AT&T fsmlibrary [12] is its exten-
sibility. It is possibleto definenew classef weightedtrans-
ducers,so long as thesesupporta setof requiredoperations:
thesencludereturningthe startstateof themachinethe costof
exiting ata state,andreturningthe setof arcsexiting a state.

The decisiontree classWFST builds its statesandarcson
thefly. Thestatesencodehecontet, asin ann-grammodelin
speectrecognition(e.g.,[13]). Thetreeclassworks by build-
ing ann-grammaodelof the contet, wheren is the sumof the
left-context width, theright context width plus 1 for the target
symbol.

Thearcsarecomputedat eachstateasfollows: givenare-
questfor anarcleaving stateswith labell, statesis consultedo
seewhatcontet c it representsThecontet c is thentranslated
into afeaturevectorasdescribedn Section3, andpassedo the
treecorrespondingo labell. For eachpossibleoutputsymbol,
the tree predictsa probability of that outputsymbol given the
contect, andthisinformationis thencorvertedinto a setof arcs
labeledwith | on theinput side,andfor eachoutputlabell’ on
the outputside,a costof —log(p(l’|c,!).

Thetree WFST is initially the size of the setof compiled
treedataandsois equivalentin spaceefficiency to adirectuse
of the trees. However, asthe WFST is used(i.e., composed
with otherWFST's),it will grow, asmorecontets areseerand
rememberedHowever, it is possibleto reinitialize the WFST,
thus freeing up memory A decisiontree WFST can also be
corvertedinto WFST’s of otherclassespr precomposeavith
adictionary A reasonableiseof atreeWFST, for instancejs
to composeit with a dictionary thus producinga new dictio-
nary thatrepresentshe mappingbetweena setof wordsin the
original dictionaryandtheir predictedpronunciations.

cons2-1:s,z,m

cons2-1:f,h,j,v,n,r,w,y,l,n/a,pad

58/23 6860/9635

cons2-1:s vowtype+1:Ve Vi

cons2-1:z,m vowtype+1:Va,Vo,Vu,n/a,pad

S

1057/1472 789/1047  6848/8588
6

vowtype+1:Va,Vo,Vu consl+l:gk.c,q cons2+1:h,zy

vowtype+1:Ve,Vi,n/a consl+l:b,dptn/a cons2+1:f,s,v,mn,rw,ln/apad

IS B R I T k
273/278  1052/1194 476/481 317/435  1155/23%6 5958/6232
8 9 10

vowtype-1:Va,Ve,Vi,Vo,Vu
vowtype-1:n/a,pad

k C
796/1317  768/1039
28 29

Figurel: Prunedreefor (c).

5. An Example

As anexample,we took a (family) namedictionaryconsisting
of 48,980namesand their pronunciations;a fragmentof this
dictionarywasshaown in Table1; notethatthis dictionarywas
partof the pronunciatiordictionaryusedin variousversionsof
the AT&T Bell LabsAmericanEnglishTTS system[5].

Thedictionarywasalignedusingpmalignanda pronuncia-
tion modelwith a7-lettercontext (3 to theleft and3 to theright)
washuilt usingpmcontet. Thealignmentphasetook aboutfive
minutes andthetrainingphaseanadditionalfive minutesonan
866 Mhz Pentiumlll.

A typical (pruned)tree— in this casefor theletter(c) — is
shawvn in Figurel. Thenodesarerelatively easyto interpret:so
(c) is Is/ before(e) and(i) (terminalnode6), /¢/ mostly before
(h) (terminalnode29),andis /i/ or /ik/ in Gaelic-dewvednames
beginningwith {mc) (terminalnodeslOand11).

As we discussedn Section2, one canusethe prediction
modeloutputby pmcont&t asa mapin pmalignto realignthe
data.In generalpnewould expectto getbetteralignmentshat
way, giventhatthe pronunciatiormodelmakesmoreintelligent
useof thecontext aroundaninputsymbol. Onecanthenusethis
new alignmentto retrain,andsoforth. Theresultsof a few it-
erationsof this processmeasurean 1,000held-outwords,are
shavn in Figure 2, whereonecanobsere a small, but steady
decreasén phonemeerrorrateover thefirst few iterations.

6. Future Work

While we have focussedhere on models of grapheme-to-
phonemetransduction,pmtoolscan in principle be used for
modelingary string-to-stringtransduction. The only require-
mentis thatreasonabléecisioncanbemadeonthebasisof lo-
cal evidence(which characterizemostapproacheto this prob-



Phoneme Error Rate

0.0825

0.0835

0.0830

0.0820

1 2 3 4 5
Retraining Step

Figure 2: Results,on 1,000held-outwords, of iteratively re-
training the tree model, using the resultanttree to realignthe
data,andthenretrain. This affords a slight (0.18%)reduction
in phonemeerrorrate.

lem), andthat onecanprovide a reasonablesmall featuralde-
compositionof theinputsymbols.

One major limitation in the currentversionof pmtoolsis
that only featuresof the input contet are available. As has
beenshavn elsavhere(e.g. [15, 16)]), it is often usefulto be
ableto baseone’s predictionnot only on the input context, but
alsoontheprevious output.We areplanningto extendthetools
to coverthisin thenearfuture.

Finally, while pmtoolsis currentlyonly setupto useCART
asatrainingparadigmwe envision providing asuiteof possible
toolssothatonecouldtrain avariety of differentmodelsonthe
samedata,andselectthe onethatgeneralizebest.
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