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ABSTRACT

Pronunciatiormodelingfor large vocahulary speechrecognition
attemptdo improve recognitionaccuray by identifyingandmod-
eling pronunciationghat are not in the ASR systemspronuncia-
tion lexicon. Pronunciatiorvariability in spontaneoubdlandarinis
studiedusingthe newly createdCASS corpusof phoneticallyan-
notatedspontaneouspeech.Pronunciatiormodelingtechniques
developedfor Englishare appliedto this corpusto train pronun-
ciationmodelswhich arethenusedfor MandarinBroadcastNews
transcription.

1. INTRODUCTION

Pronunciatiormodelingfor large vocalulary speechrecognition
attemptdo improve recognitionaccuray by identifyingandmod-
eling pronunciationghat are not in the ASR systemspronuncia-
tion lexicon. Thesenovel pronunciationsareobsered in sponta-
neousor casualspeechjn accentedspeechpr dueto coarticula-
tory effects not indicatedin the lexicon. In this work we focus
on pronunciationvariationin spontaneoudandarinspeech.We
male useof the ChineseAnnotatedSpontaneouS$peechCorpus
(CASS)[1], whichis anenly createccorpusof closelyannotated,
spontaneouslandarinspeech. Pronunciatiormodelstrainedon
the CASS corpusare refinedand appliedin the transcriptionof
MandarinBroadcasiNews (MBN).

We employ the decision-treebasedpronunciationmodeling
methodologythathasproveneffective for Englishreadspeectand
corversationalspeechrecognition[2, 3, 4]. This approachcasts
pronunciationmodelingas a predictionproblem. The goal is to
predictthevariationsin the surfaceform (i.e. in the phonetictran-
scriptionprovided by experttranscriberspiventhe basefornpro-
nunciationderived from a pronunciatioriexicon anda word tran-
scription. We usethe CASStranscriptionsas the expert annota-
tionsrequiredby this approach.

The speechin the CASS corpuswas provided by the Broad-
castStationof TsinghuaUniversity, Beijing, Chinaand consists
primarily of impromptuaddressegjeliveredin aninformal style
without promptsor written aids. The collectioncontainsa total of
threehoursof speechspolen by two femaleandfive maleadults.
All speakrshave livedfor severaldecadeén Beijing, a Mandarin
speakingity.
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The detailedannotationn CASSconsistsof transcriptionsat
thewordlevel, syllablelevel, andsemi-syllabldevel with detailed
pronunciationvariants. The semi-syllabletranscriptionsusethe
SAMPA-C [5] corvention,which is a computerreadablealterna-
tiveto IPA, specializedor Chinese.

Giventherelatively smallamountof phoneticallytranscribed
dataavailable for training it is not possibleto obtainreliable es-
timatesfor all pronunciationphenomenaonly eventsthat occur
oftenin the corpuscanbe modeledwell. A conserative approach
in this situationwould model only thosepronunciationchanges
obsered oftenin theannotatediata. A moreambitiousapproach
which hasproven effective would be to build large modelsusing
the annotatediata,accepthatthey arepoorly estimatedandthen
refinethemusingadditionalacousticdata. This additionaldatais
transcribedexically, but not phonetically This refinementpro-
cessappliestheinitial modelsto the transcriptionof theacoustic
trainingset,andanexisting setof acoustianodelsis usedto select
likely pronunciatioralternatvesby forcedalignmen{2, 3,4]. The
refinementeffectively discardsspuriouspronunciationgyenerated
by theinitial setof treesandalso’tunes’the pronunciatiormodels
to theacoustianodelsthatwill beusedin recognition.

In the pronunciationmodelingwork uponwhich this project
is based?2, 3, 4], phoneticannotationsvere available within the
ASR task domainof interest. This allowed decisiontreesto be
refinedusing speechand acousticmodelsfrom the samedomain
asthe datausedin building the initial models. While it would be
idealto alwayshave annotatedlatawithin thedomainof interestt
would beunfortunatef new phonetictranscriptionsvererequired
for all tasks.However, unlike acousticmodelsandlanguagemod-
els,pronunciatiorexiconshave beenprovento beeffective across
domains. This suggestghat, apartfrom words and phraseghat
might be specificto particulartask domains,it is reasonablego
expectthat pronunciationvariability is alsolargely domaininde-
pendent.

We take theoptimisticview thataninitial setof pronunciation
modelstrainedon the CASSSAMPA-C transcriptionswill gener
alizewell enoughsothatthey containpronunciatiorvariability in
the MandarinBroadcastNews domain. We will identify which of
thebroadcollectionof alternatvesinferredfrom theCASSdomain
actually occurin the Mandarin BroadcastNews domain. After
this refinemenbf thealternatves,nen pronunciatioriexiconsand
acousticmodelswill bederivedfor the MandarinBroadcastNews
domain. In summary we will take adwantageof the refinement
stepto adaptCASS pronunciationmodelsto a BroadcastNews
ASR system.



2. NORMALIZATION AND ACOUSTIC ANNOTATION
OF THE CASSTRANSCRIPTIONS

The SAMPA-C annotatiorplaystwo rolesin the CASSdatabase.

Most frequently the SAMPA-C annotationdescribeshe speech
of Mandarinspealers more closelythanwould be possibleusing
Pinyin. But it canalsodescribeextremedeviation from the de-
fined. In this latter situation, SAMPA-C symbolsindicatesounds
that never occurin ary standardoronunciation. As a result, the
CASSSAMPA-C transcriptionontainannotatednitials thatare
notin the pronunciatioriexicon usedto train the BroadcastNews
baselinesystem.Evenwithin the CASSdomainitself, thesesym-
bolsarenotfoundin thedominantpronunciatiorof ary word. It is
thereforenotclearunderwhatcircumstancethesevariantsshould
be preferredover pronunciationscontainingthe standardphones
and, given this uncertainty it is difficult to train acousticmodels
for thesesymbols.Ratherthandevelop a suitabletraining method
for theseunusualinitials, we replacedhemby their neareststan-
dard’initials. In the CASStranscriptionjnitials marked asvoiced
pv, tv, kv, c_v, choy, quy, shoy, ands.v werereplacedoy b, d, g, z,
zh, j, zh, andz, respectiely. We notethatthis substitutionis notas
exactasthetranscriptionsuggestssinceMandarininitials arenot
usuallyvoiced.

2.1. Direct Measurement of Predictive Features

Theuseof annotatiorthatindicatesthe presencer absencef ar
ticulatory featuressuggestghe possibility of directly measuring
thefeaturesn the acousticsignal, by detectingvoicing, hasaliza-
tion and/oraspiration. For example,given the speech'bang fu”,
avoicing detectorcould be usedto producethe automaticallyan-
notatedform “b_v angv f_v u.v”, indicating contetual voicing
effectson the f. In this way, the pronunciationslerived by lexi-
confrom aword transcriptionrcanbeaugmentedby directacoustic
measurementsf the speech.Thesemeasurementsould be used
to aid in the prediction,i.e. to provide additionalsideinformation
to improve the choiceof pronunciatiorby the ASR system.

Voicing is relatively easyto measureirectly, althoughmuch
voicing informationis admittedlyrepresentetly theperframeen-
ergy measurements the cepstralacousticfeatures;direct mea-
surementof voicing may thereforenot provide much additional
information. However, we incorporatevoicing measurementsito
our pronunciationmodels. Using the Entropicget_fO pitch track-
ing program[9], a frame-by-framevoicing decisionfor the entire
CASScorpuswascomputedframeswere7.5mseavith a 10msec
step). The time sggmentationin the SAMPA-C tier allows usto
transformtheseperframedecisionsnto segment-basegrobabil-
ities of voicing, P,, by countingthe numberof voicedframesand
dividing by thetotal numberof framesin the sggment.

It wasobseredin CASScorpusthat60%of thedatais marked
asvoiced.Wethereforadentifiedthefollowing procedurdor nor
malizingthevoicing detection:for eachspealkr, find the spealkr
dependentoice_bias thresholdn get_fO suchthat60% of theseg-
mentshad P, > 0.5. The parametewraluethatgave the closest
matchto the 60% voiced criteria was chosen. The performance
of this voicing detectionschemecanbe measuredy comparision
to voicing informationinferredfrom the CASStranscriptionsWe
foundanequalerror point of 20% missand20%falsealarm.

2.2. Introducing Variability into the CASS Transcriptions

The SAMPA-C tier of the CASS corpusis a very accuratetran-
scription of the acousticdata. To non-epert listeners,however,
thesetranscriptionsseemvery similar to dictionary-denved tran-
scriptions. The consensuamongnative Chinesespealkrsis that
theexpertphoneticianganfind evidencefor soundsy listeningto
the speechandstudyingspectrogramghatcasualistenerscannot
find. This raisesdifficulties for our useof HMM acousticmodels
with thesetranscriptionslt is reasonabléo questionvhetherthese
acoustianodelswill beableto identify pronunciatiorchangeshat
native (albeitinexpert)listenerscannotdetect.As expectedmary
of theinitials andfinalsthatcasualistenerswould preferto delete
arequiteshortaccordingto thetime segmentatiorin the SAMPA-
C tier. This posesanothedifficulty for ouracoustianodelswhich
arenotwell suitedfor modelingvery shortacousticseggments.
We addressethesedifficulties by discardingthe shortestni-
tials andfinalsin the CASStranscriptionsvhenbuilding the pro-
nunciationmodels. This introducedvariability by remaving the
initials and finals from the transcriptionthat we reasonedvould
be the mostdifficult to hearandto model. Throughthesemod-
ifications to the original CASS transcriptions disagreemenbe-
tween the canonicaland surface form pronunciationsncreased
from 2.2%to 11.3%. It may seemthatdiscardingdatain this way
is fairly drastic. In fact, despitethis aggressie intervention the
canonicalpronunciationgemainthe dominantvariant. Further
more,thesetranscriptionsareusedonly to train the pronunciation
models;they arenot usedto train acousticmodels. In the acous-
tic alignmentstepsthatusethesemodels the acoustianodelswill
be allowed to chosealternatve forms, if it leadsto a morelikely
alignmentthanthatof the canonicalpronunciation.

3. MANDARIN ACOUSTIC EQUIVALENCE CLASSES

Theuseof acousticclassesor constructinglecisiontreesfor pro-
nunciationmodelinghasbeendiscussedt lengthin [2, 3, 4, 6].
We adoptthe approachasdevelopedfor English,althoughsome
alterationsare neededn its applicationto Mandarin. In English
the phoneticrepresentations by individual phonesand acous-
tic classexanbe obtainedrelatively simply from IPA tables,for
instance. In Mandarin, word pronunciationsare corventionally
givenin Pinyin, which specifieshe syllablesandtonesthat male
up a word. The syllableinventoryis fixed: our dictionary con-
tains 403 uniquesyllables,disregardingtone. Eachsyllable has
a standardpronunciation. The subsyllableunits usedin our sys-
temareinitials andfinals, which arean optionalinitial consonant
followed by the remainderof the syllable. Becauseof this, the
acousticclasse®f thefinalscannotbedeterminedrom theacous-
tic featuresof ary individual phone.The classesvereconstructed
insteadwith respectio the mostprominentfeaturesof the initials
andfinals,andfall into thefollowing broadcateyories;we alsouse
explicit voicing notation,sincevoicing changas themostfrequent
effectobseredin CASS.

Manner of Articulation of Finals: Identify with openvow-
els, “stretched” vowels, retroflex vowels, and protrudedvowels.
Finalsof typeendingin thenasals: andng arealsodistinguished.

Place of Articulation of Finals. Identify high front, central,
front, middle,andback. Frontvowel finalsendingin n andng are
alsodistinguishedanduang is distinguishedy itself.

Vowel Content of Finals. Identify the numberof vowelsin
their canonicabronunciation Finalsarealsodistinguishedf they



endin n andng, andtheretroflex final is separateérom all others.
Manner of Articulation of Initials. Identify aspiratedand
unaspiratedtops aspiratecaindunasperatefticatives,nasalsyoiced
andurvoicedfricatives,andlaterals.
Place of Articulation of Initials. Identify aslabial, alveolar
dentalsibilants,retroflex, dorsal,andvelar.
Main Vowel of Finals. Identify finals sharingamainvowel.
Vowel Content and Manner of Finals. Identify monophones,
dipthongsandtripthongsasopen roundedstretchedor protruded.

4. MANDARIN BROADCAST NEWS TRANSCRIPTION

The baselineMBN systemwastrainedusinga 50,614word dic-
tionary containingPinyin pronunciation®f wordsandindividual
charactersthe baselinesystemwastoneless.The acoustictrain-
ing setconsistef 10hoursof speect{10,483utterances3elected
from thefirsttwo CDsin theLDC Mandarin1997BroadcasNews
distribution. MFCC acoustidfeaturesvereused.

Theword/charactedictionarywasusedto segmentthe train-
ing settranscriptionsothat pronunciationsvereavailablefor the
entiretrainingtranscription Baselineword, syllable(toneles$inyin),
andinitial/final transcriptionsverederived for thetraining setus-
ing this segmentatiorandthe baselinedictionary

Context dependeninitial/final modelsweretrainedusingBaum
Welchtrainingandacousticclusteringprocedure$7]. The HMM
topologywasleft-to-right, without skips; modelsusedfor initials
hadthreestateswhile modelsusedfor finalshadfour states.The
HTK flat-startprocedurenvas usedto build 12-mixtureGaussian,
stateclusteredHMMs with 2086states.

The SRI languagemodelingtools[8] wereusedto train a bi-
gramlanguagemodelusing news text resgmentedo agreewith
the baselinedictionary The following text was used: Peoples
Daily, 1978-1996: 233M words (approx); ChinaRadio Interna-
tional, scripts: 56M words(approx);Xinhuanevswiretext 13.2M
words (approx). The total corpuscontained303.2M words and
theresultingbigramcontainedb0,624unigramsand7,992,58%i-
grams.

4.1. MBN Pronunciation Models from CASS Transcriptions

The objective is to augmenthe baselinedictionarywith pronun-
ciationalternatvesinferredfrom the CASStranscriptions.These
new pronunciationgreword-internaljn thatpronunciatioreffects
do not spanword boundariesThe stepsin thetraining procedure
areasfollows.

1. CASSlInitial/Final Transcriptions Thebaseforminitial/final
transcriptionswere derived from the Pinyin tier in the modified
CASStranscriptionsandthesurfaceformsweretakenfrom CASS
SAMPA-C tier. Theinitial andfinal entrieswere taggedby the
voicing detector usingthe time marksgeneratedy forcedalign-
mentof theacousticdata.

2. CASS Decision Tree Pronunciation Models The tran-
scriptionsform the training setusedto constructthe initial deci-
sion tree pronunciationmodelsto predictvariationsin the CASS
data.A separatelecisiontreeis trainedfor eachinitial andfinal in
thelexicon. Thetreesaregronn undera minimum entrofy crite-
rion thatmeasureshe purity of the distribution at the leaf nodes;
cross-alidationis alsoperformedover 10 subsetf the training
corpusto refinethetreesizesandleafdistributions[3, 4]. Changes
in eachinitial or final canbe predictedby askingquestionsabout

the preceding3 andfollowing 3 symbols;questionsaboutneigh-
boring surfaceformswerenot used.

3. Mandarin Broadcast News Pronunciation Lattices The
CASSdecisiontreepronunciatiormodelsvereappliedto theMBN
acoustidraining settranscriptionsproducingfor eachutterancea
lattice of pronunciatioralternatves;this stepyields pronunciation
alternatvesfor utterance theBroadcasNewstrainingsetbased
onalternatveslearnedrom the CASStranscriptionsSegmentsin
the MBN transcriptionsveretaggedwith voicing informationvia
forcedalignmentusingthe baselineViBN system.

4. CASS Decision Tree Pronunciation Alternatives The
most likely pronunciationalternatves for the MBN training set
werefoundby forcedalignmenthroughthepronunciatiorattices.
Thealignmentusediwo-componenGaussiamixturemonophone
HMMs from the baselinesystemto avoid using more complex
modelsthat might have been’overly exposed'to the baseform
transcriptionsn training.

5. CASS Decision Tree Word Pronunciations The forced
alignmentsyield alternatve pronunciationsor eachentire utter
ance. In theseinitial experimentswe wish to have only the pro-
nunciationalternatves for individual words. We found theseby
first: aligningthe wordsin thetranscriptiorwith align the surface
form phonetictranscription;andthentahulating the frequeng of
every alternatve pronunciationfor eachword. Theresultof this
stepis aReweighted and Augmented CASS Dictionary tunedto the
baselineBroadcasiNews acousticModels.

6. Broadcast News Decision Tree Pronunciation Models
Thealignmentsetweerthesurfaceform andbasefornsequences
overthe MBN training setareusedto train anothersetof decision
treepronunciatiormodels.

7. MBN Decision Tree Word Pronunciations The decision
treepronunciatiormodelsobtainedn theprevious stepcanbeap-
pliedto theBroadcasNews acoustidrainingtranscriptiongo pro-
ducefor eachutterancatrellis of pronunciatioralternatves;these
alternatvesarearefinemenbf thefirst setof alternatvesthatwere
choserfrom CASSpronunciatiormodels.

8. State-L evel Surface Form to Base Form Alignments An
alternatve Viterbi alignmentcanbe performedto obtainanalign-
ment at the statelevel betweenthe surfaceform pronunciations
and the baseformpronunciations;this alignmentusesthe fully
trained MBN acousticmodels. From this it can be determined
which statesin the baseformtranscriptionare 'confusable’with
the surface form transcriptionobtainedunderthe pronunciation
model. The mostconfusablestatescan be consideredas candi-
datesin soft-stateclusteringscheme$10, 6]. For eachstatein the
HMM system,we found the mostconfusablestatein the surface
form paths,andacopy of eachGaussiarirom this stateis addedo
the baseformmixture distribution; several BaumWelch iterations
areperformedto updatethe meansandmixture weightsin theen-
tire system Thisis thefirst HMM re-trainingstepin themodeling
procedure;all preceedingstepsare concernedwith finding alter
natepronunciationandrefiningthe estimate®f their frequencies.

9. Most Likely Word Pronunciations Under the Broadcast
News Decision TreePronunciation M odels A secondreweighted
and Augmented Broadcast News Dictionary canbefoundin aman-
ner identicalto the first, exceptthat the surfaceform pronuncia-
tions are chosenfrom trellisesgeneratedy the BroadcasiNews
decisiontreepronunciatiormodels.A new dictionaryis thencon-
structedto includethe mostfrequentword pronunciatioralterna-
tives.

Thesetraining stepsgenerateéwo Reweighted and Augmented
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Figurel: PronunciatiorModel Training Flowchart.

System Character| Syllable I/F
ErrorRate | ErrorRate | Error Rate
Baseline 28.7 26.3 19.0
Enhancedictionary | 28.3(-0.4) | 26.1(-0.2) | 18.9(-0.1)
& BaselineHMMs
BaselineDictionary | 27.8(-0.9) | 25.5(-0.8) | 18.4(-0.6)
& RetrainedHMMs
Enhancedictionary | 27.5(-1.2) | 25.4(-0.9) | 18.2(-0.8)
& RetrainedHMMs

Tablel: Performancef Renveightedand AugmentedCASSDic-
tionaryonthe MBN TestSetwith BaselineAcousticModels.

Dictionaries. Both incorporatepronunciationalternatveschosen
by BroadcasiNews acousticmodels. They differ in thatthe pro-
nunciationsin the first dictionary are selectedfrom alternatves
presentedby CASSdecisiontreepronunciatiormodels while the
seconddictionaryis selectedrom alternatvesfrom a Broadcast
News pronunciatiormodel. Therelative frequenciedisedin each
dictionary canbe reestimatedhroughforced alignmentover the
trainingdata. Thetraining procedurealsogenerates Soft reclus-
tering of the HMM states basedon confusabilityfound underthe
pronunciatiormodel.

4.2. Performance of MBN Pronunciation Models

Clean, unaccenteditteranceqFO0 condition) from the 1997 and
1998HUB-4NE evaluationsets[11] wereselectecasthetestset.
Thesetcontainedl263utterancesyith aboutl2,000words. There
wereslightly morefemaleghanmales,owing to thenensanchors.
The pronunciationmodel to be evaluatedis the Reweighted
and Augmented CASS Dictionary. This dictionaryconsistof pro-
nunciationalternatves for words, along with the numberof ob-
senationsof eachalternatve foundin the 10 hour MBN training
corpus.Two parametersontroltheamountof pronunciationvari-
ability introduced:a Minimum Countparametediscardsvariants
thatoccurwith lessthanafixednumberof occurencesandaMin-
imum Relative Frequenyg thresholddiscardsrelatively infrequent
alternatesregardlessof how frequentlyor infrequentlythey are
obsered. Pronunciatiorprobabilitiesarescaledso thatthe maxi-
mumfor eachwordis 1.0. Theperformancef this dictionarywith
respecto thesethresholdss givenin Tablel.
Thesecondlictionary estimatedy finding the mostfrequent
word pronunciationsunder the pronunciationsproducedby the
BroadcasiNews decisiontreepronunciatiormodel,wasalsoeval-

uated. However, it gave nearly identical resultsas the CASS-
deriveddictionary

Thesecondsetof pronunciatiormodelsevaluatedvereHMMs
whosemixtureweightsandmeansverereestimateaftersoftreclus-
tering of the HMM states. Resultsare reportedin Table ??. A
significant0.9%improvementin CERis found usingthe baseline
dictionary Furthemorepseof thereweightedandaugmentedlic-
tionariesyields additionalgainswhenusedwith thesemodelsfor
a1.2%CERreduction.

5. CONCLUSION
The CASS Corpusof phoneticallytranscribedspontaneouan-
darinspeectwasusedn abootstrappingrocedureo find pronun-
ciation modelsfor the MandarinBroadcastNews domain. Aug-
mentedictionariesvereusedwith softreclusteringof HMM states
to reducecharactetranscriptionerror rate. Direct acousticmea-
surementareincorporatedasadjunctfeaturesn the decisiontree
pronunciationmodels,andthe effectivenessof the predictive ap-
proachto pronunciatiormodelingwasdemonstrateth Chineseby
modifiedthe phoneticapproactdevelopedin Englishto themono-
syllabiclexiconsusedin Mandarin. Theimprovementsfound are
significant, but greatergains are expectedin domainsricher in
spontaneoupronunciatioreffects,suchasconversationakpeech.
Additional documentationdata,andutilities canbefoundat
www. ¢l sp. j hu. edu/ ws2000.
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