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Abstract

A number of issuesrelatedto the developmentof speech-
recognitionsystemswith HiddenMarkov Models(HMMs) are
discussed. A set of systematicexperimentsusing the HTK
toolkit andthe TIMIT databasere usedto elucidatematters
suchasthe numberof mixturesto usefor a particulartraining-
setsize,the utility of variousfeaturesets.the valueof triphone
modelling, etc. Theseresultssuggestguidelines,which will
be useful for thosewho wish to develop speech-recognition
systemsn new languages.
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1. Intr oduction

Thereis agrowing awarenesshatHumanLanguageTechnolo-
gies can play a signi cant role in bridging the digital divide
[1]. Thus, speechsynthesiscan be usedto provide spolen
outputof storedinformationto illiterate users,speechrecog-
nition can efciently obtaininput from suchusers,and auto-
matic translationcan be usedto provide informationin a va-
riety of languages.In eachcase,a key to successfuhpplica-
tion of the relevant technologyis its adaptationto the home
language®f thetamgetusers.Hence,it is likely thatlanguage-
technologysystemawill be developedin a wide rangeof lan-
guagesin the nearfuture, and a variety of opensoftware has
beendevelopedto supportthis expectedtrend (HTK, Sphinx,
LLSTI, Festval, Public\biceXML). However, the availability
of high-quality software is not sufcient for successfubtlevel-
opmentof local-languagedechnologies thereare also signif-
icant challengesn choosing(or developing) appropriatecor-
pora,selectingappropriatesystemparametersandso forth. It
is thereforenecessaryo createguidelinesthatwill assistnew
developersof language-technologgystemsn addressinghese
challenges.

In the current paper we focus on speechrecognition.
We have undertaken a study to determinean approriateset
of parametesettingsfor rst-generationphone-basedystems
that use Hidden Markov Models (HMMS) [4], the dominant
paradigmfor currentspeectrecognizers.Our experimentsare
basedon the open-sourceoolkit HTK [5], but similar results
areexpectedfor ary phone-basedontinuousHMM. Also, our
experimentsvererestrictedo the English-languag&IMIT cor-
pus[7]; we believe that similar resultswill hold for otherlan-
guages,but plan to gain a betterunderstandingf the in u-
enceof language-speci ¢actorsontheperformancef speech-
recognitionsystemsn futurework.

2. Experimental method

The HTK tookit (executingunderthe Linux operatingsystem)
was employed for all experiments. The basic stepsfor the
developmentof a phone-basedecognizerwith HTK are as
follows[5]:

1. A selectecsetof soundles from the TIMIT corpusare
convertedto aframe-synchronouteaturerepresentation
(detailsof thetrainingandtestdatausedandthefeatures
studiedareprovidedbelow).

2. Word-level and phone-leel transcription les are con-
structedrom thetranscriptiongprovidedwith the TIMIT
corpus,alongwith a pronunciationdictionary (We ex-
perimentedwith the CMU and BEEP dictionaries- see
below.)

3. Initial monophonanodelsare createdfor all phonesin
the selectedlictionariesby usinga at startHMM pro-
totypemodel(containingglobal meansandvarianceof
the speectdata)andduplicatingthis prototypefor each
monophoneo be usedin training.

4. Thesemodelsare thenre ned using the Baum-Wélch
algorithmto performembeddede-estimatiorof all pa-
rameterg4].

5. The monophonesre subsequentlgopiedinto a setof
tied triphone models(we usedthe script driven editor
"HHEd" from the HTK toolkit for tying), andtriphone
modelsarecomputedisingembeddede-estimation.

6. For testingpurposesa grammaris constructedasa se-
guenceof thewordsthatoccurin thetestdata.Any word
canfollow ary otherword, andthe sequenceés of un-
restrictedlength. This grammatris corvertedto a word
lattice, which is usedin conjunctionwith the samedic-
tionary usedfor training and either the monophoneor
triphonemodelsto assessecognitionaccuray.

HTK reportsvariousresult statisticsfor all recognized
data.Theseincludethe percentagef testsentencethat
are recognizedcorrectly the percentageof testwords
recognizedcorrectly andtheaccurag of therecognized
words. (Accuray is de ned asthe percentagef words
correctly recognizedminus the percentageof inserted
words.) Theresultsbelon areall expressedn termsof

word accurag.

2.1. Training and testdata

All testsusedthe TIMIT speechcorpus. TIMIT consistsof
6300 utterancedrom 630 differentspealers of AmericanEn-
glish, recordedwith a high- delity microphonein a noise-free



ervironment. The TIMIT datais divided into 8 sub-corpora,
correspondingo speectirom differentdialectregions;eachdi-
alectregionin turn containsa setof training speakrsanda set
of testspealers. We maintainedthis distinction betweentest
andtrainingspealers,andobtainedourtestandtrainingdataby
uniform samplingacrossall dialectregions.

2.2. Pronunciation dictionaries

Speechrecognitionmodelsaretrainedusingthe pronunciation
dictionaries.Thesedictionariesare usedto identify the phones
usedwhenwordsarepronouncedndthustrain the corospond-
ing phonemodelsusingthe corectlyidenti ed data. Thesedic-
tionariesare also usedduring the recognitiontask to identify
possiblephoneordersandthe wordsthey mayresultin.

The experimentsconcerningthe 'monophonevs. triphone
models' and the ‘'number of mixture componentswere con-
ductedtwice. First using the BEEP dictionary (containing
British standardEnglishpronunciationsandsecondlyusingthe
CMU dictionary (containingAmerican standardEnglish pro-
nunciationscustomizedor thedata).

2.3. Comparing different feature sets

Virtually all approacheso speechrecognitionfunctionby rst
corverting the time-domainspeectsignalto a “feature” repre-
sentation.Sucha featurerepresentatiotakesinto accountspe-
ci ¢ propertiesof the speechsignalto representt in a manner
thatis both compactandrelatively invariantwithin a phonetic
catgory [3]. It is clearthatthe detailsof the representatioiis
a signi cant factorin the accurag that can be achieved, and
numerougepresentationsave beenproposedn the literature
(e.g. Linear Predictve Coefcients (LPCs), Linear Predictive
Cepstra(LPCepstra))og-scaled lterbank enegies (FBANK)
and Mel-Frequeng CepstralCoefcients (MFCCs), and Per
ceptualLinearPredictve coefcients (PLPS)[2].

Additionally, for eachrepresentationthe changein the
speectsignalcanberepresentedsingtemporalderivative and
second-deviative information. The so-calleddeltaandaccel-
erationcoefcients (which representhe rst andsecondorder
regressioncoefcients respectiely) aregenerallyusedfor this
purpose.

In orderto develop guidelineson featurerepresentations,
we have experimentedwith LPCs, LPCepstra,lterbank ener
giesandMFCCs;in eachcasetherole of deltaandacceleration
coefcients wasalsostudied. The numberof basiccoefcients
(excludingdeltaandaccelerationyvasvariedbetweend and12
(by adjustingthe order of the linear predictors,the numberof

Iterbank elementspr the orderof the cepstraasappropriate).
In all casestheenegy wasusedasanadditionalbasicparame-
ter—thenumberof basicparameterthereforevariedbetweerb
and13, andthetotal numberof coefcients betweerb and39.

2.4. The number of mixtur e components

Non-parametridensityestimatorsaretypically usedto model
the class-conditionalprobabilty density functions of HMMs
[4]. Suchestimatorsgenerallysuffer from the bias-variance
trade-of [5]: asincreasinghumbersof parametersre usedto
improve training-setaccurag, test-setaccurag eventually de-
grades(becausdhe modelsover t the training data). We use
diagonalGaussiamixturemodelsasdensityestimatorsandin
thatcasethe bias-\ariancetrade-of is controlledby the number
of mixture componentén eachdensityfunction.

Clearly; the optimal numberof mixture componentswill

dependon a variety of factors,suchasthe amountof training
dataavailableandthe sizeof the input featurevector In order
to quantifythis dependencfor the TIMIT data,we have varied
the numberof mixture componentbetweern2 and 16 for vari-
ousexperimentalconditions. However, we usethe samenum-
ber of mixture componentscrossall phoneticmodelsin each
particularrun — optimizing the numberof mixture components
for eachphoneindividually would probablyimprove accurag
alittle, but would not alterthe generaltrendthatwe wantedto
explore.

2.5. Comparing monophonesand triphones

The simplestapproachto HMM-basedspeectrecognitionuses
oneMarkov modelto representeachphoneticcategory. How-
ever, it haslong beenunderstood[4]) that— underappropri-
ate circumstances- signi cant improvementsin accurag can
be obtainedby using separatenodelsfor phonesin different
phoneticcontets. For example,a word-initial s which is part
of anstr clusterhasquite differentacousticpropertiesfrom a
word- nal s whichis precededy a vowel; it thereforemakes
senseto devote separatanodelsto the two cases. However,
computingseparatenodelsfor eachcontet of eachphonemay
requireexcessve amountsof data— especiallysinceboth the
left andthe right context may play a substantiatole, necessi-
tating the developmentof so-calledtr iphone models,which
emplg differentmodelsfor eachphonebasedon bothits left
andright context. (Thus,on the orderof N 3 triphonemodels
would beneededor arecognizeusingN phones.)Techniques
have thereforebeendevelopedto tie differenttriphonemodels
togetherbasedn theacousticsimilaritiesof differentcontexts
[5]; suchtied triphonemodelsarewidely usedin HMM-based
speectrecognition.

However, the developmentof triphonemodelshasa num-
ber of dravbacks,suchasthe additionaldatarequired,andthe
knowledgeand effort neededo performsuccessfutying. We
thereforeperformeda numberof experimentgo determinehow
useful triphone modelsare (in comparisonwith monophone
models)on variousquantitiesof trainingdata.

The numberof TIMIT training sentencesvas varied be-
tween400and3600utterancesin intenals of 400),andtheac-
curay of bothmonophonendtriphonemodelswasmeasured
for differentnumbersf mixture components.

3. Results
3.1. Pronunciation dictionaries

To compareghe BEEPpronunciatiorditionaryto the CMU pro-
nunciationdictionary (as discussedn 2.2) the resultsfor tri-
phonemodelsusingdifferentmixture componentsvaschosen.
Theresultsusingboththe BEEPandCMU dictionariesareplot-
tedon onegraphin Figurel (thered datarepresentthe CMU
dictionary and the blue datathe BEEP dictionary). It canbe
seenthat the CMU dictionary experimentsoutpreformedthe
BEEPdictionaryexperiments This wasexpectedasthe TIMIT
corpuscontainAmericanEnglish spealers, thus an American
pronunciationdictionarywill more accuratlyrepresentvhata
speakris sayingandhow it is beingsaid.

3.2. Comparing different feature sets

The training and testingdatausedwas obtainedfrom the rst
four districtsof the TIMIT corpus.Fourteenmaleandfourteen
femalespealkrswerechoserfrom eachdistrict, which created



Figure 1: The accurag of different mixture componentsor
boththe BEEPandCMU dictionaries.

thetrainingset. Thetrainingset nally contained’13sentences
overall. For thetestset,two maleandtwo femalespealersfrom
the rst four districts was chosen,which resultedin 128 test
utterancesn total. Our feature-setomparisonsisedtriphone
modelswith 8 mixturecomponentsResultsor thefour feature
setsdiscussedh Section2.3areshawvn in Figure2. TheMFCC
analysisperformedthe bestandmostconsistentlywith noreal
gain in performancenvhenthe numberof parametersverein-
creased.The LPCEPSTRAanalysiswasthe secondbestper
forming method. A gradualincreasedn performancevasob-
sened, which effectively stoppedat total of nine parameters.
The FBANK analysisaccuray measuremerely decreaseds
the numberof parametersncreasedut still outperformedhe
LPC method.
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Figure2: A graphshawing the percentaccuray achie/ed by
someof thedifferentinputspeectparameterisingnethodsused
in HTK.

Knowing that the MFCC analysisgave the bestresultsa
secondxperimentcouldbeperformed.In gure 3theinclusion
of the deltacoefcients gave a considerabléncreasean perfor
mance,but increaseshe numberof parameterswo fold. The
acceleratiorcoefcients alsoincreasedhe performancemea-

surebut not asdramaticallycomparedo the deltacoefcients.
With the inclusion of acceleratiorcoefcients the amountof
parameterincreaseshreefold.
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Figure3: A graphshaving the effect of including regression
coefcients whenparameterisinghe input speectsignal. E =

enegy componentD = deltacoefcient, A = accerleratiorco-

ef cient.

3.3. The number of mixtur e components

As we discussedn Section2.4 we variedthe mixture compo-
nentsfrom 2 to 16. The resultsfor tied triphone modelsare
shavn in gure 4. Fromthe graphit canbe seenthatthe opti-
mal amountof mixture componentsesultingin the bestrecog-
nition accurag dependson the amountof training data. The
bestrecognitionpreformancevas obtainedbetween6 and 14
mixture componentgdependandn amountof trainingdata).

Figure4: Theaccurag of differentamountf trainingdataasa
function of increasingamountsof mixture componentgor tied
triphonemodels(usingthe CMU pronunciatiordictionary).

3.4. Comparing monophonesand triphones

Figure 5 shavs the word-recognitionaccurag obtainedwith
differentamountsof training data,for bothmonophonendtri-



phonedata. (MFCC featuresand 1 mixture componentvere
used.) The graph shaws that triphonesmodels outperform
monophonemodels. Figure 6 is a repeatof gure 5 wherel0
mixture modelsare used. The improvementsgainedfrom us-
ing 10 mixture triphonescomparedo 10 mixture monophones
increasesisthetrainingdataincreases.

Figure5: The accurag of monophonesndtriphones(1l mix-
ture) versusamountof data.

Figure6: Theaccurag of monophonesndtriphones(10 mix-
tures)versusamountof data.

4. Conclusion

In this paper we evaluated parametersettings for rst-
generatiorphone-basedystemghatuseHiddenMarkov Mod-
els(HMMS). The parametersve evaluatedncludes:pronunci-
ation dictionaries,datafeaturesets,mixture componenetsind
monophonews. triphones. We usedthe HTK toolkit andthe
TIMIT speectcorpusin ourevaluations.

We comparedthe BEEP dictionary (British English) and
CMU dictionary (AmericanEnglish). For the TIMIT corpus
the CMU dictionaryshaoved a 10% improvement(comparedo
BEEP)in recognitionaccurag.

To obtainthe bestresultsfrom the HTK toolkit in the pa-
rameterisingf theinputspeeclsignalphasehemel-frequeng

cepstralcoefcients (MFCC) analysisshouldbe used. It ap-
pearsfrom the experimentalresultsthat this methodextracts
essentiainformationto recognizea givensetof wordsthe best.
Additional with this methods consistenfperformancea small
amountof parametersanbeusedwhichwill give agoodlevel
of accurag anda shortamountof time neededo extractand
procesgheparameters.

Theresultsshovedthatthe useof mixturesin speechrecog-
nition canconsidirablyimprove arecognises preformanceln
single mixture recognisersmonophoneseachests maximum
performancdoundrywith little trainingdataanddoesnt show
ary improvementif moretraining datais used. Whenadding
mixture componentshowever, the performancesf monophone
modelsdoesincreasen relationto the amountof trainingdata.
Triphonesshaved a simularimprovementwhenmixture com-
ponentsare used, provided that the proportion betweenthe
amountof mixturesandtrainingdatais optimal.

Triphonesoutperformmonophonesvhen usedfor speech
recognition.Whenusingtriphoneshowever, moretrainingdata
is requiredto optimally train the recognisethanwould be the
casefor monophones.Even when using mixture components
triphonesstill outperformmonophonedy about10%.

Eventhoughtheresultsdiscussedh this paperarerestricted
to the English-languag&IMIT corpus,we believe thatsimilar
resultswill holdfor otherlanguagesCurrentlyexperimentsare
being conductedfor otherlanguagesn orderto gain a better
understandingf the in uence of language-speci dactorson
the performancef speech-recognitiosystemsThelanguages
currentlybeinginvestigatedarelsiZulu andSePediTheguide-
lines discussedn this paperare contrikuting to the develope-
mentof thesespeech-recognisers.
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