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Abstract

A number of issuesrelated to the developmentof speech-
recognitionsystemswith HiddenMarkov Models(HMMs) are
discussed. A set of systematicexperimentsusing the HTK
toolkit and the TIMIT databaseare usedto elucidatematters
suchasthenumberof mixturesto usefor a particulartraining-
setsize,theutility of variousfeaturesets,thevalueof triphone
modelling, etc. Theseresultssuggestguidelines,which will
be useful for thosewho wish to develop speech-recognition
systemsin new languages.
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1. Intr oduction
Thereis a growing awarenessthatHumanLanguageTechnolo-
gies can play a signi�cant role in bridging the digital divide
[1]. Thus, speechsynthesiscan be usedto provide spoken
output of storedinformation to illiterate users,speechrecog-
nition can ef�ciently obtain input from suchusers,and auto-
matic translationcan be usedto provide information in a va-
riety of languages.In eachcase,a key to successfulapplica-
tion of the relevant technologyis its adaptationto the home
languagesof thetargetusers.Hence,it is likely that language-
technologysystemswill be developedin a wide rangeof lan-
guagesin the nearfuture, anda variety of opensoftwarehas
beendevelopedto supportthis expectedtrend(HTK, Sphinx,
LLSTI, Festival, PublicVoiceXML). However, the availability
of high-qualitysoftware is not suf�cient for successfuldevel-
opmentof local-languagetechnologies- therearealsosignif-
icant challengesin choosing(or developing) appropriatecor-
pora,selectingappropriatesystemparameters,andso forth. It
is thereforenecessaryto createguidelinesthat will assistnew
developersof language-technologysystemsin addressingthese
challenges.

In the current paper, we focus on speechrecognition.
We have undertaken a study to determinean approriateset
of parametersettingsfor �rst-generationphone-basedsystems
that useHidden Markov Models (HMMS) [4], the dominant
paradigmfor currentspeechrecognizers.Our experimentsare
basedon the open-sourcetoolkit HTK [5], but similar results
areexpectedfor any phone-basedcontinuousHMM. Also, our
experimentswererestrictedto theEnglish-languageTIMIT cor-
pus[7]; we believe that similar resultswill hold for otherlan-
guages,but plan to gain a betterunderstandingof the in�u-
enceof language-speci�cfactorsontheperformanceof speech-
recognitionsystemsin futurework.

2. Experimental method
TheHTK tookit (executingundertheLinux operatingsystem)
was employed for all experiments. The basic stepsfor the
developmentof a phone-basedrecognizerwith HTK are as
follows[5]:

1. A selectedsetof sound�les from theTIMIT corpusare
convertedto a frame-synchronousfeaturerepresentation
(detailsof thetrainingandtestdatausedandthefeatures
studiedareprovidedbelow).

2. Word-level and phone-level transcription�les are con-
structedfrom thetranscriptionsprovidedwith theTIMIT
corpus,alongwith a pronunciationdictionary. (We ex-
perimentedwith the CMU andBEEPdictionaries- see
below.)

3. Initial monophonemodelsarecreatedfor all phonesin
theselecteddictionaries,by usinga �at startHMM pro-
totypemodel(containingglobalmeansandvariancesof
thespeechdata)andduplicatingthis prototypefor each
monophoneto beusedin training.

4. Thesemodelsare then re�ned using the Baum-Welch
algorithmto performembeddedre-estimationof all pa-
rameters[4].

5. The monophonesaresubsequentlycopiedinto a setof
tied triphonemodels(we usedthe script driven editor
”HHEd” from the HTK toolkit for tying), andtriphone
modelsarecomputedusingembeddedre-estimation.

6. For testingpurposes,a grammaris constructedasa se-
quenceof thewordsthatoccurin thetestdata.Any word
can follow any otherword, and the sequenceis of un-
restrictedlength. This grammaris convertedto a word
lattice,which is usedin conjunctionwith thesamedic-
tionary usedfor training and either the monophoneor
triphonemodelsto assessrecognitionaccuracy.
HTK reportsvariousresult statisticsfor all recognized
data.Theseincludethepercentageof testsentencesthat
are recognizedcorrectly, the percentageof test words
recognizedcorrectly, andtheaccuracy of therecognized
words. (Accuracy is de�ned asthepercentageof words
correctly recognizedminus the percentageof inserted
words.) The resultsbelow areall expressedin termsof
wordaccuracy.

2.1. Training and testdata

All testsusedthe TIMIT speechcorpus. TIMIT consistsof
6300utterancesfrom 630 differentspeakersof AmericanEn-
glish, recordedwith a high-�delity microphonein a noise-free



environment. The TIMIT datais divided into 8 sub-corpora,
correspondingto speechfrom differentdialectregions;eachdi-
alectregion in turn containsa setof trainingspeakersanda set
of test speakers. We maintainedthis distinction betweentest
andtrainingspeakers,andobtainedour testandtrainingdataby
uniformsamplingacrossall dialectregions.

2.2. Pronunciation dictionaries

Speechrecognitionmodelsaretrainedusingthepronunciation
dictionaries.Thesedictionariesareusedto identify thephones
usedwhenwordsarepronouncedandthustrain thecorospond-
ing phonemodelsusingthecorectlyidenti�ed data.Thesedic-
tionariesare also usedduring the recognitiontask to identify
possiblephoneordersandthewordsthey mayresultin.

Theexperimentsconcerningthe 'monophonevs. triphone
models' and the 'number of mixture components'were con-
ducted twice. First using the BEEP dictionary (containing
British standardEnglishpronunciations)andsecondlyusingthe
CMU dictionary (containingAmericanstandardEnglish pro-
nunciationscustomizedfor thedata).

2.3. Comparing different feature sets

Virtually all approachesto speechrecognitionfunctionby �rst
converting the time-domainspeechsignalto a “feature” repre-
sentation.Sucha featurerepresentationtakesinto accountspe-
ci�c propertiesof thespeechsignalto representit in a manner
that is both compactandrelatively invariantwithin a phonetic
category [3]. It is clearthat thedetailsof the representationis
a signi�cant factor in the accuracy that can be achieved, and
numerousrepresentationshave beenproposedin the literature
(e.g. Linear Predictive Coef�cients (LPCs),Linear Predictive
Cepstra(LPCepstra),log-scaled�lterbank energies (FBANK)
and Mel-Frequency CepstralCoef�cients (MFCCs), and Per-
ceptualLinear-Predictive coef�cients (PLPs)[2].

Additionally, for each representation,the changein the
speechsignalcanberepresentedusingtemporalderivative and
second-derivative information. The so-calleddeltaandaccel-
erationcoef�cients (which representthe �rst andsecondorder
regressioncoef�cients respectively) aregenerallyusedfor this
purpose.

In order to develop guidelineson featurerepresentations,
we have experimentedwith LPCs,LPCepstra,�lterbank ener-
giesandMFCCs;in eachcasetheroleof deltaandacceleration
coef�cients wasalsostudied.Thenumberof basiccoef�cients
(excludingdeltaandacceleration)wasvariedbetween4 and12
(by adjustingthe orderof the linear predictors,the numberof
�lterbank elements,or theorderof thecepstra,asappropriate).
In all cases,theenergy wasusedasanadditionalbasicparame-
ter– thenumberof basicparametersthereforevariedbetween5
and13,andthetotalnumberof coef�cients between5 and39.

2.4. The number of mixtur e components

Non-parametricdensityestimatorsaretypically usedto model
the class-conditionalprobabilty density functions of HMMs
[4]. Suchestimatorsgenerallysuffer from the bias-variance
trade-off [5]: asincreasingnumbersof parametersareusedto
improve training-setaccuracy, test-setaccuracy eventuallyde-
grades(becausethe modelsover�t the training data). We use
diagonalGaussianmixturemodelsasdensityestimators,andin
thatcasethebias-variancetrade-off is controlledby thenumber
of mixturecomponentsin eachdensityfunction.

Clearly, the optimal numberof mixture componentswill

dependon a variety of factors,suchasthe amountof training
dataavailableandthesizeof the input featurevector. In order
to quantifythisdependency for theTIMIT data,wehavevaried
thenumberof mixturecomponentsbetween2 and16 for vari-
ousexperimentalconditions.However, we usethesamenum-
ber of mixturecomponentsacrossall phoneticmodelsin each
particularrun – optimizingthenumberof mixturecomponents
for eachphoneindividually would probablyimprove accuracy
a little, but would not alter thegeneraltrendthatwe wantedto
explore.

2.5. Comparing monophonesand triphones

Thesimplestapproachto HMM-basedspeechrecognitionuses
oneMarkov modelto representeachphoneticcategory. How-
ever, it haslong beenunderstood([4]) that – underappropri-
atecircumstances– signi�cant improvementsin accuracy can
be obtainedby using separatemodelsfor phonesin different
phoneticcontexts. For example,a word-initial s which is part
of an str clusterhasquite differentacousticpropertiesfrom a
word-�nal s which is precededby a vowel; it thereforemakes
senseto devote separatemodelsto the two cases. However,
computingseparatemodelsfor eachcontext of eachphonemay
requireexcessive amountsof data– especiallysinceboth the
left andthe right context may play a substantialrole, necessi-
tating the developmentof so-calledtr iphone models,which
employ differentmodelsfor eachphonebasedon both its left
andright context. (Thus,on the orderof N 3 triphonemodels
wouldbeneededfor arecognizerusingN phones.)Techniques
have thereforebeendevelopedto tie differenttriphonemodels
together, basedon theacousticsimilaritiesof differentcontexts
[5]; suchtied triphonemodelsarewidely usedin HMM-based
speechrecognition.

However, the developmentof triphonemodelshasa num-
berof drawbacks,suchastheadditionaldatarequired,andthe
knowledgeandeffort neededto performsuccessfultying. We
thereforeperformedanumberof experimentsto determinehow
useful triphone modelsare (in comparisonwith monophone
models)onvariousquantitiesof trainingdata.

The numberof TIMIT training sentenceswas varied be-
tween400and3600utterances(in intervalsof 400),andtheac-
curacy of bothmonophoneandtriphonemodelswasmeasured
for differentnumbersof mixturecomponents.

3. Results
3.1. Pronunciation dictionaries

To comparetheBEEPpronunciationditionaryto theCMU pro-
nunciationdictionary (as discussedin 2.2) the resultsfor tri-
phonemodelsusingdifferentmixturecomponentswaschosen.
TheresultsusingboththeBEEPandCMU dictionariesareplot-
tedon onegraphin Figure1 (thereddatarepresentstheCMU
dictionaryand the blue datathe BEEP dictionary). It canbe
seenthat the CMU dictionary experimentsoutpreformedthe
BEEPdictionaryexperiments.ThiswasexpectedastheTIMIT
corpuscontainAmericanEnglishspeakers, thusan American
pronunciationdictionarywill moreaccuratlyrepresentwhat a
speaker is sayingandhow it is beingsaid.

3.2. Comparing different feature sets

The training andtestingdatausedwasobtainedfrom the �rst
four districtsof theTIMIT corpus.Fourteenmaleandfourteen
femalespeakerswerechosenfrom eachdistrict, which created



Figure 1: The accuracy of different mixture componentsfor
boththeBEEPandCMU dictionaries.

thetrainingset.Thetrainingset�nally contained713sentences
overall. For thetestset,two maleandtwo femalespeakersfrom
the �rst four districts was chosen,which resultedin 128 test
utterancesin total. Our feature-setcomparisonsusedtriphone
modelswith 8 mixturecomponents.Resultsfor thefour feature
setsdiscussedin Section2.3areshown in Figure2. TheMFCC
analysisperformedthebestandmostconsistently, with no real
gain in performancewhenthe numberof parameterswere in-
creased.The LPCEPSTRAanalysiswasthe secondbestper-
forming method.A gradualincreasedin performancewasob-
served, which effectively stoppedat total of nine parameters.
The FBANK analysisaccuracy measuremerely decreasedas
the numberof parametersincreasedbut still outperformedthe
LPCmethod.
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Figure2: A graphshowing the percentaccuracy achieved by
someof thedifferentinputspeechparameterisingmethodsused
in HTK.

Knowing that the MFCC analysisgave the bestresultsa
secondexperimentcouldbeperformed.In �gure 3 theinclusion
of thedeltacoef�cients gave a considerableincreasein perfor-
mance,but increasesthe numberof parameterstwo fold. The
accelerationcoef�cients also increasedthe performancemea-

surebut not asdramaticallycomparedto thedeltacoef�cients.
With the inclusion of accelerationcoef�cients the amountof
parametersincreasesthreefold.
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Figure3: A graphshowing the effect of including regression
coef�cients whenparameterisingthe input speechsignal. E =
energy component,D = deltacoef�cient, A = accerlerationco-
ef�cient.

3.3. The number of mixtur e components

As we discussedin Section2.4 we variedthe mixture compo-
nentsfrom 2 to 16. The resultsfor tied triphonemodelsare
shown in �gure 4. Fromthegraphit canbeseenthat theopti-
mal amountof mixturecomponentsresultingin thebestrecog-
nition accuracy dependson the amountof training data. The
bestrecognitionpreformancewasobtainedbetween6 and14
mixturecomponents(dependantonamountof trainingdata).

Figure4: Theaccuracy of differentamountsof trainingdataasa
functionof increasingamountsof mixturecomponentsfor tied
triphonemodels(usingtheCMU pronunciationdictionary).

3.4. Comparing monophonesand triphones

Figure 5 shows the word-recognitionaccuracy obtainedwith
differentamountsof trainingdata,for bothmonophoneandtri-



phonedata. (MFCC featuresand1 mixture componentwere
used.) The graph shows that triphonesmodels outperform
monophonemodels. Figure6 is a repeatof �gure 5 where10
mixture modelsareused. The improvementsgainedfrom us-
ing 10 mixturetriphonescomparedto 10 mixturemonophones
increasesasthetrainingdataincreases.

Figure5: The accuracy of monophonesandtriphones(1 mix-
ture)versusamountof data.

Figure6: Theaccuracy of monophonesandtriphones(10 mix-
tures)versusamountof data.

4. Conclusion
In this paper, we evaluated parametersettings for �rst-
generationphone-basedsystemsthatuseHiddenMarkov Mod-
els(HMMS). Theparametersweevaluatedincludes:pronunci-
ation dictionaries,datafeaturesets,mixture componenetsand
monophonesvs. triphones.We usedthe HTK toolkit andthe
TIMIT speechcorpusin ourevaluations.

We comparedthe BEEP dictionary (British English) and
CMU dictionary (AmericanEnglish). For the TIMIT corpus
theCMU dictionaryshoweda10%improvement(comparedto
BEEP)in recognitionaccuracy.

To obtainthe bestresultsfrom the HTK toolkit in the pa-
rameterisingof theinputspeechsignalphasethemel-frequency

cepstralcoef�cients (MFCC) analysisshouldbe used. It ap-
pearsfrom the experimentalresultsthat this methodextracts
essentialinformationto recognizeagivensetof wordsthebest.
Additional with this method's consistentperformancea small
amountof parameterscanbeused,whichwill giveagoodlevel
of accuracy anda shortamountof time neededto extract and
processtheparameters.

Theresultsshowedthattheuseof mixturesin speechrecog-
nition canconsidirablyimprove a recogniser's preformance.In
singlemixture recognisers,monophonesreachesits maximum
performanceboundrywith little trainingdataanddoesn't show
any improvementif moretraining datais used. Whenadding
mixturecomponents,however, theperformanceof monophone
modelsdoesincreasein relationto theamountof trainingdata.
Triphonesshowed a simularimprovementwhenmixturecom-
ponentsare used, provided that the proportion betweenthe
amountof mixturesandtrainingdatais optimal.

Triphonesoutperformmonophoneswhenusedfor speech
recognition.Whenusingtriphones,however, moretrainingdata
is requiredto optimally train the recogniserthanwould be the
casefor monophones.Even whenusingmixture components
triphonesstill outperformmonophonesby about10%.

Eventhoughtheresultsdiscussedin thispaperarerestricted
to theEnglish-languageTIMIT corpus,we believe thatsimilar
resultswill hold for otherlanguages.Currentlyexperimentsare
beingconductedfor other languagesin order to gain a better
understandingof the in�uence of language-speci�cfactorson
theperformanceof speech-recognitionsystems.Thelanguages
currentlybeinginvestigatedareIsiZulu andSePedi.Theguide-
lines discussedin this paperarecontributing to the develope-
mentof thesespeech-recognisers.
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