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ABSTRACT

This paperintroducedwo approximation®f the Kullback-Leibler
divegencefor hiddenMarkov models(HMMs). Thefirst oneis a
generalizatiomf anapproximatiororiginally presentedor HMMs
with discreteobsenationdensitiesIn thatcasetheHMMs areas-
sumedto be ergodic andthe topologiessimilar. The secondone
is a modificationof the first one. The topologiesof HMMs are
assumedo be left-to-right with no skipsbut the modelscanhave
differentnumberof statesunlike in thefirst approximation.Both
measuresanbe presentedn a closedform in the caseof HMMs
with Gaussian(single-mixture)obseration densities. The pro-
poseddissimilarity measuresvere experimentedn clusteringof
acousticphonememodelsfor the purpose®f multilingual speech
recognition.Theobtainedrecognizersverecomparedo bothrec-
ognition systembasedon previously presentedlissimilarity mea-
sureandone basedon phoneticknowvledge. The performanceof
the multilingual recognizersvas evaluatedin the taskof spealer
independenisolatedword recognition.Smalldifferencesvereob-
senedin therecognitionaccurag of themultilingual recognizers.
However, the computationatostof the proposednethodsaresig-
nificantly lower.

1. INTRODUCTION

The Kullback-Leibler(KL) divergencemeasurebetweenHMMs

cannotusuallybe presentedn a closedform, so variousapprox-
imationshave beenintroduced[1, 2]. Theseapproximationsare
basedon Monte Carlo (MC) methodsor simplifying approxima-
tionsthatleadto aclosedform solution. In practice thedravbacks
of MC techniquesarethe extensive computationakostandslov

corvergenceproperties. On the other hand, the closedform ap-
proximationgresentedrelimited to very specificclassof HMMs,

e.g.HMMs with discreteobsenation densitieq2]. This paperin-

troducestwo approximationghat canbe representedh a closed
form for HMMs with Gaussiamobsenationdensities.

The dissimilarity measuresetweenHMMs can be utilized
e.g.in modelselectionandclustering[1]. Parametettying tech-
nigueshave beenusedin orderto reducethe total numberof pa-
rametersin a speechrecognitionsystem. The tying techniques
take placealsowhentraining datais insufficient or unavailable.
This concernsespeciallyembeddedystemswvherethe resources,
e.g.memory arevery limited. Model-level tying of parameters
hasbeenappliedin training of multilingual phonemodels[3].
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The organizationof this paperis asfollows. In Section2,
the Kullback-Leiblerdivergenceis definedandin addition,a brief
overview is given of the previously presentedapproximationsof
the divergencein the caseof HMMs. The two proposedapproxi-
mationsareintroducedin the endof Section2. In Section3, the
experimentalsetupincluding speechrecognitionsystems speech
corpusesunseerianguagesndthe modelclusteringframework,
areexplained.Section4 givesanoverview of the obtainedresults.

2. DISSIMILARITY MEASURES

A well-known dissimilarity measurédetweertwo probability dis-
tributionsis the Kullback-Leiblerdivergence. It characterizethe
discriminatingpropertiesof two probabilisticmodels) andé¢, and
is definedas[4]
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is the directeddivergencefrom A to £. In Equation2, the expec-
tation E, is takenwith respecto the distribution of the model ),
andthe probability densityfunctionsof the correspondingnodels
aredenotedy px andpe. All thedissimilaritymeasuregresented
below aredirecteddivergencesThecorrespondingymmetricdis-
similarity measureareobtainedusingEquationl.

2.1. Previous approximations of the KL -divergence measure

Juangetal. studiedthe KL-divergencebetweerHMMs usingMC
simulations.The modelswereassumedmgodic, andthe measure
was definedas the meandivergenceper obseration sample[1].
Themeasuravasgivenas

pA(0Y)
pe(0*)

whereO” is anobseration sequencgeneratedy model \. The
lengthof the sequencés T', andthe likelihoodsgiven the models
A and¢ arepy (0™) andpe (O*), respectiely. Themethodss valid
for HMMs with arbitraryobsenration probability distributions[1].
Kohlerpresentea variantof themeasurgivenin Equation3.
Tokensextractedfrom speechcorpuswereusedin the evaluation
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of the measurensteadof a generatedandomsequenceFurther
more, the modelswere not ergodic asin Equation3, but left-to-
right phonemodels. Estimateof the divergencewasdefinedasa
samplemeanof thelog-likelihooddifferencesver thetokens

pA(O})
pe(O})
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whereO;' is thei:th token of lengthT; correspondinghe model
A

Someapproximation®f the measuren Equation3 werepro-
posedandcomparedy Falkhauseretal.[2]. Theassumeergod-
icity propertyof the originally left-to-right modelswas achiered
by substitutingthe transitionsto non-emittingstatewith transi-
tionsto the first emitting state. The first approximation,denoted
by Iy;c, usedthe likelihood of the most likely statesequence.
This meansthatthe likelihoodsp(O) in Equation3 were substi-
tutedwith likelihoodsof the mostlikely statesequencep™(O) =
maxq p(O, Q). Only minordifferencesvereobseredwhencom-
paringthebehaior of Iy, andI;; - [2]. Thesecondapproxima-
tion proposedassumedliscreteobsenation densityHMMs with
similar topologies[2]. Moreover, the mostlikely statesequences
of both modelswereassumedo be equalwith the statesequence
thatgeneratedhetoken 0%, i.e. Q = Q3 = Qg. It is straight-
forwardto evaluatethe obtainedmeasureasno Monte Carlosim-
ulationsareneedecdarnymore. Theresultingapproximationcanbe
writtenin closedform as[2]
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whereA = [a;;] isthe N x N transitionmatrixandB = [b;x] the
N x M obsenrationprobabilitymatrix. The steady-staterobabil-
ities r; of the emgodic Markov chainof model A are solved from
rT =T A* with constrainfy_, 7; = 1.

2.2. Proposed approximations

The approximationin Equation5 assumedliscreteobsenation
densitiesHowever, thelastsumtermin Equation5 is thedirected
divegencebetweenthe obsenation distributions of statei of the
modelsA and{. Thuswe canwrite the Equation5 in theform
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whereb} andbf aretheobsenrationprobabilitydistributionsof the
models) and¢ in statei, respectiely. Now theonly termsthatare
dependenbf the obsenration probability distributions are the di-
recteddivergencedetweerthe correspondinglistributionsof the
states,I (b; : bf). The Equation6 generalizeshe Equation5 for
arbitraryobsenationdensities The othersimplifying assumptions
madein deriving the approximationin Equation5 remain. In the
caseof Gaussiambserationdistributions,the cross-statelirected
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Fig. 1. The possiblestatealignmentsof the models\ and¢ are
shavn asdottedlinesin (a). Thesolid line correspondshe align-
mentof themodelsshavn in (b).

divergencescanbe expressedn aclosedform as[4]

I(b1:bo) = % [1 % +tr (Z1(2 —%0))
)
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whereX andy. denotethe covariancematricesandthe meanvec-
torsof thedistributions,respectiely.

Theassumptiormadein deriving the approximationn Equa-
tion 6 is thatthe mostlik ely statesequencesf bothof themodels
are equalto the statesequenc®f the generatingnodel. The as-
sumptioncanbe consideredealisticwith the model A. However,
thereis no reasonto assumethat the model ¢ would follow the
samesequencel et usdrav onesamplefrom the obserationdis-
tribution of 7:th stateof the model \. It is easyto agreethatin
most of the caseghe likelihood of the generatingdistribution is
greaterthanlik elihoodsgiven by otherdistributions. This justifies
why the mostlikely statesequencef model\ shouldcorrespond
the generatingsequencén average.In the caseof the othermodel
&, the bestlikelihoodis mostlikely given by the state-dependent
densityclosestto the correspondinglensityof \. This givesusa
reasorto find sucha statealignmentbetweerthe modelsA and¢
thatthe stateswith bestmatchingdistributionscoincide.

Assumenow thatthetopologyof bothHMMs is left-to-right.
Thetransitionsareeitherself-transitionor transitionsto the suc-
cessorstate. We introducenow a setof possiblestatealignments
Q betweenthe models) and{. Thealignmentsareillustratedin
Figure lain the caseof HMMs with threeemitting states. The
alignmentsarerestrictedsuchthatthe startand end points of the
modelsarefixed, and occurat the sametime. The transitionsof
model¢ candrift undertherestrictionthatthe segmentatiorof one
stateof \ canbedividedinto sggmentsof equalduration. A new
measurecan be obtainedfor this kind of left-to-right proceeding
modelsin thefollowing way. Thedivergencemeasurés evaluated
for eachpossiblealignmentin a similar way to Equation6, and
the alignmentis picked that producesthe minimum value. The
reasoningabove justifiesthis, asthedivergencemeasurebetween
the statesareminimizedwhenthe correspondingbsenation dis-
tributionsaremostsimilar. The measureanbeexpresseds
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where Q is the setof all possiblealignments(q, s). The mod-
els A and¢ are at statesq; and s;, respectiely, at stepi. The
last, non-emittingstatesof the modelsare appendedo the state
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vectorsq ands. Thelengthof thealignmentsis L = dimgq =
dim s. The weightvectorw is definedasw; = r;/c; wherec;
denotesthe count of statei in statevectorq. For example,the
valuescorrespondinghe casein Figurelbareq = (1,1, 2, 3,4),
s=1(1,2,2,3,4) andw = (r1/2,71/2,72,73).

Theapproximatiorin Equation8 canbe evaluatedfor HMMs
with differentnumberof statesunlike the approximationin Equa-
tion 6. In both Equation6 and8 the directeddivergencemeasure
betweerstate-dependenbsenationdensitiecanbeexpresseds
in Equation? if the obserationdensitiesareGaussian.

3. EXPERIMENTAL SETUP

Thedissimilaritymeasurewereexperimentedn thetaskof acous-
tic phonememodelclusteringn thetrainingof multilingual speech
recognitionsystem.The performanceof theresultingspeechrec-
ognition systemswas evaluatedin spealkr independentsolated
word recognitiontask. SpeechDat(lIjlatabasesf thecorrespond-
ing languagsvere usedin bothtraining andtestingof the recog-
nition systemg5]. The testsetconsistebf 4000isolatedwords
spolenby total of 1000speakrs. Thetestvocahulary for eachlan-
guagehadapproximately200wordsincluding applicationwords,
isolateddigits and forenamesurnamecombinations.During rec-
ognition, only the vocalulary of the target languagewas setac-
tive. Thetrainingsetconsistef 4000phoneticallyrich sentences
for eachlanguage.The testandtraining setssharedno common
speakrs. Thetrainandtestsetshave beendescribedn moredetail
in [6].

The languagedependen{LD) baselinerecognitionsystems
weretrainedfor the sevenlanguageshavn in Table3. Theserec-
ognition systemsconsistedf 31 to 51 monophoneHMMs. Two
extra modelswere usedto model silenceand short pause. The
short pausemodel was a single-statemodel tied to centerstate
of silencemodel. All the othermodelshadthreeemitting states.
Theemissionprobability densityfunctionsweremixturesof eight
Gaussiarlensitieswvith diagonalcovariancematrices.Themodels
weretrainedusingthe embedded@aum-Welchre-estimatiorfrom
flat start[7]. The multilingual (ML) recognitionsystemswere
trainedusingthe training datasetsfor the five sourcelanguages:
GermanEnglish,SpanishFinnishanditalian. Thetrainingproce-
durewasidenticalto theoneof theLD recognizersThelabelfiles
andthe dictionarywerechangedo correspondhe phoneclusters
of eachsystem.

The speechmaterialwasparametrizedisinga mel frequeny
cepstralcoeficient (MFCC) front-end. Featurevector consisted
of 13 cepstralcoeficients of which the zeroth,Cy, wasreplaced
with frameenegy. Thefirst andsecondime derivativesof theel-
ementsvereappendedo the featurevector Meannormalization
wasappliedto the elementsf the featurevector[8]. In addition,
thevarianceof the enegy coeficient andits derivativeswerenor-
malizedasdescribedn [8].

3.1. Knowledge-based ML recognition systems

The multilingual recognitionsystemSAMPR was basedon the
methodPA-MAP describedn [3]. Thephonemesf differentlan-
guagewvereclusterecaccordingo theirphoneticsymbol. Thede-
rivedSAMPRsystemhadatotal of 105multilingualphonemodels
correspondingll the unique SAMPA symbolspresentwithin the
databasesf thefive sourcdanguages.

Table 1. Mappingof the nev phonemeof the two unseeran-
guages.In Swedishthe new retroflex consonanphonemesvere
splitinto separat@honesg.g./r/ — /r/ In/.

French Swedish

/el — German /E/IN/ /9:/ — German /9/
197/ — German /9//N/ /{:l — Finnish /{{/
IRl — German /r/ /}:1 — English fu:/
/HI — Finnish ly/ /u0/ — English /U/

The knowledge-basedecognitionsystem referredto asKB,
wasobtainedwith straightforvard simplificationsof the phoneme
clusterdefinitionsof SAMPR. The recognitionsystemhadno ex-
plicit modelsfor long vowelsanddoubleconsonantsSuchphones
werereplacedwith two singleones.e.g./e:/and/ee/— /el /el. In
addition,the geminateaffricatesin Italianlanguagewnerereplaced
with theprecedingplosive andthefollowing affricate,e.g./ddz/—
/d/ /dz/. This way the total numberof phonemodelswasreduced
to 64 from the startingpoint of 105.

3.2. ML systemsbased on dissimilarity measures

The clusteringbasedn dissimilaritymeasuresvasperformedus-
ing agglomeratie clusteringalgorithmwith completelinkagecri-
terion[9]. Thesymmetricdissimilaritymeasures?wereobtained
accordingo Equationl from thecorrespondinglirectedmeasures
I The measuresﬂ and fg were used. In addition, the mea-
sure Jsp was used,but the full likelihoodswere approximated
with thelik elihoodsof the mostlik ely statesequencesThis mea-
sureis referredto asSP1. Thesemeasuresvere evaluatedusing
phonememodelswith Gaussiardensities. Thesesingle-mixture
modelswere derived from the training procedureof the LD rec-
ognizers,just beforesplitting the Gaussiarobsenration densities
into mixturesof GaussiansThe SPdissimilaritymeasurevasob-
tainedalsowith thefinal LD phonemodelswith 8 mixtures.This
measures referredto asSP8.

The estimatef the SP measuresvere obtainedusingup to
1000tokensperLD phonemenodel. Thesetokenswereextracted
from training speecimaterialaccordingto phonelevel segmenta-
tion of the utterancesThe segmentationvasperformedusingLD
recognitionsystems.The phonememodelswith insuficient data
for estimatingthe measuregunder50 tokens)were not included
in theclusteringframenork. Insteadthey wereassignednanually
to the bestmatchingcluster In addition,the clusteringwascon-
strainedsuchthatphonememodelsof the samedanguageverenot
allowedin a samecluster This procedurevasappliedidentically
alsowith the dissimilaritymeasuresﬁ and J.

3.3. Theunseen languages

Thereweretwo unseerlanguageskFrenchand Swedish,included
in thetests.They areunseenfor nodatafrom thesdanguagesvas
usedin training of ary of the multilingual recognizers Thetying
of thephonemesf thesdanguagesvasbasedn phoneticknowl-
edge.Eachphonemavastied explicitly to onelanguagelependent
phonememodelof the five sourcelanguagese.g. French/@/ —
English/@/. Then,beforeperformingthetest,eachphonemevas
mappedo amultilingualphonemodelaccordingly Thistyingwas
thesamewithin all the ML recognitionsystemsvaluated.Thety-



Table 2. Normalizedvaluesof dissimilarity measurepetweerEnglish/i:/ anda setof models.

Dissimilarity English German Spanish
measure n lel/ lel /m/ li:/ n le:/ /m/ hl lel /m/
SP8 0.2165 0.2957 0.8355 0.9120 0.2319 0.2975 0.3717 0.9036 0.1887 0.4778 1.0398
SP1 0.2051 0.2787 0.8727 0.8973 0.2433 0.2295 0.3026 0.9836 0.1939 0.4406 1.1032
Ji 0.2335 0.3077 0.7803 0.7496 0.3190 0.1962 0.1929 0.8172 0.3258 0.3784 0.9694
Jo 0.2993 0.3771 0.8730 0.8934 0.4067 0.2381 0.2473 0.9579 0.3568 0.4777 1.0932

Table 3. Averageword recognitionrates.

Recognition Numberof Languagesn multilingualtraining set Unseerlanguages
system phones German English Spanish Finnish ltalian Avg. French Swedish Avg.
LD 303 83.32 78.40 95.78 95.35 92.07 88.98 82.77 85.29 84.03
SAMPR 105 79.60 63.38 94.55 92.30 93.18 84.60 49.73 69.52 59.62
KB 64 79.07 59.67 93.22 91.07 92.68 83.14 50.03 66.27 58.15
SP8 64 76.85 64.53 93.30 90.55 92.10 83.47 54.80 65.54 60.17
SP1 64 80.12 63.00 93.00 90.97 92.00 83.82 56.50 68.82 62.66
J1 64 78.10 65.75 91.28 89.40 89.10 82.73 46.72 66.54 56.63
Jo 64 78.60 64.43 91.45 90.05 91.75 83.26 54.77 66.68 60.73

ing of the SAMPA symbolsnot presenin the multilingual system
is shavn in Tablel.

4. RESULTS

In Table 2, the normalizedvaluesof the dissimilarity measures
are shovn betweenEnglish /i:/ and a set of phonesfrom three
languages.The normalizationappliedis suchthat the meandis-
similarity betweentwo modelsis one. Therewasno notabledif-
ferencebetweenthe normalizeddissimilarity valuesobtainedus-
ing GaussianSP1)or eight-mixtureGaussianSP8)obseration
distributions. The minimum dissimilarity valuewas achieved be-
tweenEnglish/i:/ andSpanishi/ whenmeasure®asedn speech
data(SP)wereused. German/e:/ and/I/ werethe bestmatching
phoneswhenthe approximationsfl and .J, were used,respec-
tively. Themostdissimilarmodelfrom the setshavn wasSpanish
/m/, accordingto all themeasuresvaluated.
Therecognitionperformance®f the LD andML speechrec-
ognitionsystemsareshavn in Table3. The degradationfrom lan-
guagedependentecognitionsystemsnto 105modelSAMPRsys-
tem was moderatewithin the languagesn the training setof the
ML recognizers. The further reductionof the performancewvas
smallwhenthe numberof modelswasdroppedinto 64 in the KB
system. The recognitionsystemshasedon computationaimodel
tying (71, J» andSP)canbe considerecomparabléo the knowl-
edgebased KB) system.The systembasedon approximatiorffg
hascomparablgerformancdo the KB andSPsystems.Therec-
ognition resultsof the unseerlanguagesvere significantly lower
comparedo thecorrespondind.D systemsespeciallyfor French.

5. CONCLUSIONS

We have presentedwo approximation®f theKullback-Leiblerdi-
vergencemeasurdor HMMs, andexperimentedhemin the task
of acousticmodeltying. The approximationsanbe presentedn

closedform in the caseof Gaussiarobsenration densities. The
proposedmeasureshaved to be applicablein the task of clus-
teringacoustigpghonemamodels,andonly minor differencesvere
obseredin recognitionperformanceeomparedo previously pre-
sentedtechniques.The computationatostsof the proposedis-
similarity measuresre significantly lower than of the measures
estimatedrom speechokensor generatedandomsequences.
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