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ABSTRACT

In this paperwe introducean approachto transformatiorbased
modeladaptatiortechniquesPreviously publishedschemedike
MLLR defineasetof affinetransformationgo beappliedon clus-
tersof modelparametersAlthoughit hasbeenshavn thatthisap-
proachcanyield goodresultswhenadaptatiordatais scarcean
inherentproblemneedgo be consideredthe numberof transfor
mationsusedhasa significantinfluenceon the adaptatiorperfor
mance.Usingtoo mary transformationwill resultin poorly es-
timatedtransformatiorparametersgventuallyleadingto a model
thatoverfitstheadaptatiordata.On the otherhand,whentoo few
transformationsre used,a restrictedmappingis obtained |ead-
ing to a suboptimaladaptednodel. We addresghis problemby
estimatingthe transformparametersn a maximuma posteriori
senseusinga setof hierarchicalpriors arrangedn a tree struc-
ture. We shaw thatthisapproactyieldsasignificantimprovement
comparedo MLLR whendoing unsuperviseanodeladaptation
ontheWSJspole 3 test.

1. INTRODUCTION

It is well known thatthe performancef automaticspeechrecog-
nition systemsis sensitve to mismatchedetweentraining and
testingconditions typical mismatchedeingchannelandspealer
variations[]. Several differentapproachego this problemhas
beenput forward, including preprocessin@f the speechsignal,
adaptatiorof themodelparameterandrobustdecisionstratgies.
In this papewe will consideramodeladaptatiortechnique.

In general,given a hiddenMarkov model (HMM) specified
by its parameterd andsomerelevantadaptatiordataX, we ob-
tain a nev modelgiven by the parameters\ = F(A, X), where
F(-,-) is somepredefinedmapping. For practicalreasonst is
commonplaceo split themodelparameterinto M disjointclus-
ters, A1, ..., Anm, andthenassociate uniquemappingF,, ., (-) to
eachclusterm. Herer,,, caneitherbeanindex or someparameter
setspecifyingthe mapping.In the caseof a parametrianapping
F,(-), themodeladaptatiorproblemnow becomeso estimatehe
parameterg. Thisis oftendonein themaximumlikelihood(ML)
sense:

Az = argmax p(X|n, A). @
n

Anotherapproachs to usethe maximuma posteriori (MAP) for-
mulation. Here our prior knowledgeaboutthe plausibility of the
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differentvaluesof 7 is expressedasa prior distribution p(n|¢),
where ¢ is known as hyperpaametes. The MAP estimation
problemcannow beformulatedas:

fimap = argmax p(n|X, A)
n

_ 2
= argf]nax p(X|n, M)p(n|é).

Maximumlikelihoodlinear regression(MLLR) is oneof the
bestknow implementationf the ideasexpressedabore. Here
theparametrianappingtakestheform of anaffinetransformation
of the meanvectorsof the Gaussiamixturesin the HMM,

0=Au+b
hoont ®
— lj,_

whereW = [A b] and i is the augmentedneanvector In the
MLLR formulationthe parameterg) = W are estimatedusing
theML formulationin equation(1). By applyingthetransforma-
tions on all the meanvectorsin their respectie clustersall pa-
rameterwill beupdatedthusallowing usto updatemixturesnot
evenobseredin the possiblysparseadaptatiordata.

A naive implementatiorof MLLR hasseriousshortcomings
though.Using a setof predeterminedlustersallows for the pos-
sibility thattoo little datais availablefor a properestimateto be
made. This problemcanbe alleviated by choosingclustersdy-
namically e.g. by arrangingthe clustersin a hierarchicaltree
structureandchoosingwhich clusterto useaccordingo athresh-
old ontheamountof dataavailable.

Anotherimprovements to specifyaprior distribution, p(W),
for eachof the transformations. This leadsto the maximuma
posteriorilinear regression\MAPLR) formulation[2]. Provided
thatgoodpriorsarechosenthe estimationof thetransformations
shouldbe morerobust. In this paperwe will extendthe MAPLR
framework to make useof hierarchicalpriors. This newv devel-
opmentenablesus to choosebetterprior distributions, yielding
robust and well behaed transformationaising even very small
amountf adaptatiordata.

In the next sectionwe will first explain the conceptof hier-
archicalpriorsandmake someassumptionsegardingtheir para-
metricform aswell asintroducingthe necessargpproximations.
Next we will shav how we canarrangethe priorsin atreestruc-
ture that correspondgo a hierarchicaltree of HMM parameter
clusters,andthenusethis correspondenct® estimateonetrans-
formationfor eachclusterin top dovn manner Finally we will
presensomeexperimentalresultsusingunsupervisedgpeakr a-
daptationonthe WSJSpole 3 task.



2. STRUCTURAL MAXIMUM A POSTERIORI LINEAR
REGRESSION

2.1. Hierarchical priors

Theuseof hierarchicalpriorsfor modeladaptatiorwasfirst seen
in [3], whereit wasusedto modelanacoustiomismatchprobabil-
ity densityfunction (PDF). We will usea similar approachhere,
extendingthealgorithmto the MAPLR framevork. Thebasicas-
sumptionis that eachprior hasa hyperprior eachhyperpriora
hyperhyperprior andsoon. As in [3] all the priorsin the hier

archywill have the sameparametridorm, andwill be estimated
in arecursve manneraccordingto their relative positionin atree
structure Informally, whatwe wantto dois thefollowing:

1. Considerasubset\; of theHMM parametera\’. Let W,
bethetransformatiorto be appliedto the meanvectorsin
A1. Usinga prior p(W1) andsomedataX, we find the
MAP estimateof W1,

Wi = argmaxp(W'|X, A1)
W/

4
= argmaxp(X|W’, A)p(W'). @
W/

2. Now considera subset\a C A1 C A. Using W;’s pos-
terior distribution, p(W1|X, A1), asour new prior distri-
bution we canfind a MAP estimatefor the transformation
W to beappliedto themeanvectorsin A,.

Using the stepsabove in a recursve mannerwe obtain a set of
transformationshatis estimatedn a MAP sensausingarelevant
prior distribution. The exactform of the prior and posteriordis-
tributions,aswell asa way of constructingthe setof parameter
clusterswill bediscussedbelow.

As alwayswhentheBayesiarparadigmis involved, thechoi-
ceof priorsis adelicateone. In thiswork we assumehatatrans-
formationW hasa normaldistribution with meanM andcovari-
ance®. An immediateproblemwith this choiceof prior is that
the posteriordistribution p(W|X, A) will not be containedin a
similar parametridamily asp(W), asis easilyseenfrom thefol-
lowing expression:

_ ESES ELEL p(X, Sa L|Wa A)p(W)

p(W|X,A) %) . (5)
HereS andL arethesetsof feasiblestateandmixture sequences
respectrely. Usingthe exactform in (5) is clearly infeasibleas
thenumberof termsin theexpressiorincrease®y anexponential
rate from onelevel of priors to the next. Approximationswill
have to bemade andin thiswork we approximate(W|X, A) by
anormaldistribution with a meanequalto the MAP estimatelV’
andthe samecovarianceasthe prior p(W).

Applying the two stepsspecifiedabove usingthe normality
assumptiorand the approximationof the posteriorby a normal
distribution, we obtaina sequencef prior distributions,
(p(Wi|W;-1)),, where

p(WilWi-1) o< N(Wi; Wi—1, ®). (6)

In the next subsectiorwe shav how to arrangethesepriorsinto
trees.

2.2. A treestructureof transforms

Allowing several priorsto sharethe samehyperpriorgivesusthe
tree structurein Figure 1. We now wantto combinethe hierar

1Fromhereon we considerA to bethe setof meanvectorsfrom the
Gaussiammixture distributions in the HMM only, astheseare the only
parametershatwill beadaptedn thiswork.
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Figurel: A hierarchicatreestructureof priors.

chical tree structureof priors with a correspondingstructureof
theHMM parametersAs we will beadaptinghe Gaussiaimean
vectorsin this work, we will only be concernedvith clustersof
Gaussians.

A treestructureof parameteclustersis definedasfollows.
Let the top node containall the relevant parameters\ in our
HMM. Now split this nodeinto K separatechild nodes,each
containinga subset\;, C A sothatA\z N\, = 0, VEk # [
and{J, A\x = A. This procedurecanbe repeatedor eachof the
child nodesgventuallydefiningsometree 7. In practicethis can
be accomplishedn oneof severalways. On onehand,phonetic
knowledgecanbe usedto clusterstatesdhelongingto acoustically
similar models.Anotheralternatve is to defineameasuref dis-
tancebetweentwo Gaussiangnd usethis togetherwith one of
several well-known clusteringalgorithms. In this work we fol-
lowedtheapproachn [4] andusedadistortionmeasurédasedcn
the Kullbadk-Leibler divergence Startingout with all the Gaus-
siansin the HMM in the top nodeandthen usingour distortion
measureandthe K-meansalgorithm,we divide the nodeinto K
clusters.Doingthisrecursvely to all K clustersgivesusatreeof
increasinglyfine resolution.

We now assumehat eachnodein the treewill yield a prior
distribution thatcanbe usedby its child nodes.Startingwith the
top nodewe find the MAP estimateof a transformationmatrix
Wy asdescribedn [2]. This matrix is thenpropagatedlovn the
treeandusedto definethe prior for the next level of transforma-
tions. This processwill terminatefor one of two reasonseither
a final nodeof the tree will be reached,or the amountof data
availableis considerednsuficient to make areliableestimateof
the local transformW;,. Finally, when this processhastermi-
nated,eachGaussiarnin the HMM will be adaptedusing some
local transformW . If atransformwassuccessfullyestimatedn
the tree nodewherethe Gaussiarresides,t will be used. If no
transformcould be estimated the closesttransformfrom some
higherlevel in thetreewill be applied. Thisis illustratedin Fig-
ure 2, wherethe circlesfilled with black illustratessuccessfully
estimatedransformsandthe white circlesare nodeswheretoo
little datawereavailable.In thenext sectionwe will shawv how to
estimatethetransformin agivennode.

2.3. Estimating thetransforms

The MAP estimateof thetransformW¥y, in nodek is notavailable
asa closedform solution. However, the problemlendsitself to
theuseof the EM-algorithm[5] whichyieldsthefollowing object
functionto beminimized:

Q(Wi, Wi) = log p(Wi-1)

SES LeL
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Figure2: Adaptationusingthe closestransformatioravailable.

As previously, § and £ are the setsof feasiblestateand mix-
turesequencesespectiely. p(Wy|Wx_1) is theprior propagated
from theparentnode.

Differentiating(7) with respectio every elementin Wy and
settingthe resultequalto zerogivesus a setof linear equations
thatis equivalentto the MAPLR estimationproblempresentedn
[2]. Usinga full covariancematrix @ for the prior resultsin a
systemof p x (p + 1) equationsn p x (p + 1) unknawns, p
beingthe meanvectordimensionwhichis clearlya considerable
numericalproblem.However, usinga diagonalcovariancematrix
resultsin p setsof p + 1 equationsn p 4+ 1 unknavns, whichis
the samecomputationatompleity asMLLR. For the derivation
of the MAPLR equationssee[6].

A final noteshouldbe madeon solving the linear equations.
As we go down thetreethe systemof equationgo be solved be-
comesincreasinglyill-conditioned, making standardapproaches
like LU-factorizationbehae poorly. Iterative methodsbasedon
the conjugategradientalgorithmseento behae better although
carehasto betakenwith regardto the corvergence(T.

3. EXPERIMENTSAND RESULTS

3.1. Database and baseline system

Experimentsare performedon the 1993 Spole3 testset of the
WSJtask. The Spole3 dataconsistsof 10 non-natve speakrs
of AmericanEnglish. Eachspealer provided 40 utterancesised
for modeladaptatiorand 40 utterancedor testing. Model adap-
tation experimentshave beencarriedout for eachspealer using
variousamountof adaptationdata, rangingfrom 1 to 40 utter
ances.In orderto get statisticallyrepresentatie results,adapta-
tion experimentsarerepeatedor 3 differentselectionf the set
of adaptatiorutterancegexceptfor 40 utterancesvhereasingle
setwasused). For example,experimentsinvolving 5 adaptation
utterancedave beendoneusing 3 differentsetsof 5 adaptation
utterancestandomlyselectedrom the 40 utteranceswvailablein
theadaptatiordata.

TriphoneHMM modelsare built on the WSJ SI-84 training
setusingadecision-treestatetying algorithm[8]. A total of 3448
tied-statesvith anaverageof aboutl1 Gaussiammixture compo-
nentsperstateis obtained A 5K-word pronunciatioriexiconwas
generatechutomaticallyusing a generalEnglish text-to-speech
system[9]. The languagemodel usedin the experimentsis the
standardrigramlanguagemodelprovided by NIST for the WSJ
task.

A standardvel frequeng cepstrakoeficient(MFCC) front-
endis usedto createafeaturevectorof 39 components;onsisting
of 12 MFCC componenplus the log-enegy term andtheir first
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Figure3: Word errorrate(%) for batchunsupervise@xperiments
for MLLR andSMAPLR for variousamountof adaptatiorutter
ances.

and secondderivatives. Cepstralmeannormalizationis applied
on eachsentence.

Thetreeof Gaussiamensitieusedfor adaptations designed
sothatthe numberof childrenin eachnodeis at most10, except
for the last layer in the tree which contains40 terminal (single
Gaussianpodes.

3.2. Experimental results

Two seriesof adaptatiorexperimentshave beenperformed.The
first oneis a seriesof unsupervisedatt adaptatiorexperiments:
the acousticmodelsare adaptedbasedon the adaptationutter
ancesextractedfrom the adaptationdata, and the adaptedmod-
els areusedto recognizethe testdata. The secondseriesof ex-
perimentss basedon unsupervisednlineadaptationsometimes
called auto-adaptatiomr self-adaptation:.while recognizingthe
testdata,the acousticmodelsare periodically updatedusingthe
previously recognizedutterancedo estimatethe transformation
parameters.

In the unsupervisedatchadaptationexperiments,for each
speakr, the adaptationdatais recognizedusing the 5K lexicon
andtheobtainechypothesizedranscriptionsareusedto carryout
the adaptation.We shouldpoint out that the lexicon usedto de-
rive the hypotheticaltranscriptionof the adaptationdatais the
5K-closedexicon usedfor testing.Becausehevocalulary of the
adaptatiorutterancess differentfrom the vocatlulary usedin the
testset,mary adaptatiorutterancesanthereforecontainout of
vocahulary words. This is an especiallydifficult adaptatiorsce-
nario sincethe hypothesizedranscriptionof the adaptatiordata
is likely to containserrors.Accordingto our experimentadesign,
both MLLR and SMAPLR usethe samenumberof transforma-
tion matriceslocatedat the samenodesin the tree (the samesets
of adaptatiorutterancesre alsoused). Therefore the only dif-
ferencebetweenthe 2 adaptatiortechniquess in the estimation
criterion, maximumlikelihoodfor MLLR, maximuma posterior
with hierarchicalpriorsfor SMAPLR. Figure 3 representgxper
imental resultsfor MLLR and SMAPLR adaptatiorfor various
amountof adaptatiordata. The resultsaregivenin termsof av-



[ Adapt.method || WER (%) |

Baseline 29.1
MLLR 21.6
SMAPLR 19.7

Table1: Word errorrate (%) for unsuperviseanline adaptation
experimentdor MLLR andSMAPLR.

erageword errorrateover the 10 speakrs. It clearlyappearshat
SMAPLR outperformaMLLR for ary amountof adaptatiordata,
asit wasalsoobsenedin our previousexperimenton supervised
adaptatior{10]. We shouldpoint out that no attemptwas made
to optimize the performanceof MLLR nor SMAPLR by doing
a carefulselectionof the numberof transformatiormatricesfor
eachamountof adaptatiordata. Thethresholdusedto controlthe
numberof transformationsvas selectedoncefor all, and never
modified. The experimentalsettingis similar to the one usedfor
batchsupervisedxperimentsdescribedn [10]. Obviously, with
this setting,MLLR clearly overfits the adaptatiordata. Because
of the prior information, the SMAPLR estimatesavoid overfit-
ting and a reasonablgeneralizatioris obtained. One canargue
that by reducingdrasticallythe numberof transformatiormatri-
cesin MLLR, onemight avoid overfitting, asit wasexperimen-
tally shavn in [10] for superviseddaptationThisillustratesthat
SMAPLR is muchlesssensitve than MLLR to implementation
detailslik e the selectiorof the numberof transformationsMore-
over, we believe thatwhenthenumberof transformatiormatrices
is carefully optimized, the best SMAPLR setting can still out-
performthe bestMLLR scenariofor ary amountof adaptation
data.This wasillustratedin [11] wherefinely tunedMAPLR and
MLLR were comparedshaving a systematicadvantageof the
Bayesiarestimationover the maximumlik elihoodestimation.

In our onlineunsupervise@ddaptatiorexperimentsthe mod-
elsareadaptedperiodically every 3 testutterancesstartingfrom
theinitial speakrindependenmodels.Ratherthanusingacom-
plex online approactbasedon a recursve Bayesianformulation
asin [12], we chooséo keep2 setsof acoustianodelsn memory:
the original spealkr independentmodeland the adaptedmodel.
The adaptedmodel is usedfor recognitionandto generatethe
statesggmentatiorusedfor adaptationTheoriginal spealkrinde-
pendenmodelis usedto carry out the estimationof the transfor
mationmatricesusingthe sufiicient statisticghathave beenaccu-
mulatedupto the currenttestutteranceln Tablel, theonlineun-
superviseddaptatiorresultsaregivenfor MLLR andSMAPLR
adaptation Again, SMAPLR shawv someimprovementover ML-
LR. It might seemsurprisingthatthe word error rateis closeto
what was obtainedwith batchunsupervisegdaptationwith 40
adaptatiorexperimentgoneshouldexpectsomethingvorsethan
the 40 utteranceunsupervise@daptation).It is importantto re-
memberthatin our experimentsthe batchadaptatiorutterances
containmary out of vocahlulary words, while the online adapta-
tion usesa closedlexicon, explaining the relatively bad perfor
manceof the batchunsupervise@ddaptatiorcomparedo the on-
line adaptation.

4. CONCLUSIONS

We have presente@nextensiornto theMAPLR approactio model
adaptationHierarchicalpriorsarearrangedn atreestructuregs-
timatedin a top-davn mannerandusedto find robust estimates
for the transformatiormatricesusedin a linear regressionstep.
Comparedto the original maximum likelihood basedapproach

(MLLR), we obtain robust estimatesover a rangeof available

adaptationdatawith a minimum of parametetuning. Because
of the hierarchicalprior information,the SMAPLR algorithmis

lesssensitve thanMLLR to thenumberof transformationsintro-

ducesa dependengin the estimationof transformatiormatrices
betweennodeshaving a commonparent,and provides a corve-

nient way to derive a prior distribution p(W) in eachnode of

thetree(whichwaslackingin our original MAPLR formulation).

Ourunsuperviseddaptatiorexperimentonthe1993Spole3test
setof theWSJtaskshaw thesuperiorityof the proposedipproach
over MLLR.
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