
STRUCTURAL MAXIMUM A POSTERIORI LINEAR REGRESSION
FOR UNSUPERVISED SPEAKER ADAPTATION

Tor AndŕeMyrvoll
�

Olivier Siohan Chin-Hui Lee Wu Chou

MultimediaCommunicationsResearchLab
Bell Laboratories– LucentTechnologies,600MountainAve.,Murray Hill, NJ07974,USA

www.multimedia.bell-labs.com

ABSTRACT

In this paperwe introducean approachto transformationbased
modeladaptationtechniques.Previously publishedschemeslike
MLLR defineasetof affinetransformationsto beappliedonclus-
tersof modelparameters.Althoughit hasbeenshown thatthisap-
proachcanyield goodresultswhenadaptationdatais scarce,an
inherentproblemneedsto beconsidered:thenumberof transfor-
mationsusedhasa significantinfluenceon theadaptationperfor-
mance.Using too many transformationswill resultin poorly es-
timatedtransformationparameters,eventuallyleadingto a model
thatoverfitstheadaptationdata.Ontheotherhand,whentoo few
transformationsareused,a restrictedmappingis obtained,lead-
ing to a suboptimaladaptedmodel. We addressthis problemby
estimatingthe transformparametersin a maximuma posteriori
sense, usinga setof hierarchicalpriors arrangedin a treestruc-
ture.Weshow thatthisapproachyieldsasignificantimprovement
comparedto MLLR whendoing unsupervisedmodeladaptation
on theWSJspoke 3 test.

1. INTRODUCTION

It is well known thattheperformanceof automaticspeechrecog-
nition systemsis sensitive to mismatchesbetweentraining and
testingconditions,typicalmismatchesbeingchannelandspeaker
variations[1]. Several different approachesto this problemhas
beenput forward, including preprocessingof the speechsignal,
adaptationof themodelparametersandrobustdecisionstrategies.
In this paperwe will considera modeladaptationtechnique.

In general,given a hiddenMarkov model (HMM) specified
by its parameters

�
andsomerelevantadaptationdata � , we ob-

tain a new modelgivenby theparameters
������	�
��� �� , where�	�������  is somepredefinedmapping. For practical reasonsit is

commonplaceto split themodelparametersinto � disjoint clus-
ters, ��� ��������� ��� , andthenassociatea uniquemapping

����� ���  to
eachcluster! . Here"$# caneitherbeanindex or someparameter
setspecifyingthemapping.In thecaseof a parametricmapping�%�&���  , themodeladaptationproblemnow becomesto estimatethe
parameters" . This is oftendonein themaximumlikelihood(ML)
sense:

'"(� ) �+*-,/.$01*32� 4 � �65 " �7�  � (1)

Anotherapproachis to usethemaximuma posteriori(MAP) for-
mulation. Hereour prior knowledgeabouttheplausibility of the8
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differentvaluesof " is expressedasa prior distribution 4 � "�5 9: ,
where 9 is known as hyperparameters. The MAP estimation
problemcannow beformulatedas:

'";�=<:> �+*3,/.$01*-2� 4 � ":5 � �?� 
�+*3,/.$01*-2� 4 � �@5 " �?�  4 � ":5 9: � (2)

Maximumlikelihoodlinear regression(MLLR) is oneof the
bestknow implementationsof the ideasexpressedabove. Here
theparametricmappingtakestheform of anaffinetransformation
of themeanvectorsof theGaussianmixturesin theHMM,

'A �CB A1DFE��G �A � (3)

where
GH�JI B ELK and

�A is the augmentedmeanvector. In the
MLLR formulationthe parameters" �MG areestimatedusing
theML formulationin equation(1). By applyingthetransforma-
tions on all the meanvectorsin their respective clustersall pa-
rameterswill beupdated,thusallowing usto updatemixturesnot
evenobservedin thepossiblysparseadaptationdata.

A naive implementationof MLLR hasseriousshortcomings
though.Usinga setof predeterminedclustersallows for thepos-
sibility that too little datais availablefor a properestimateto be
made. This problemcanbe alleviatedby choosingclustersdy-
namically, e.g. by arrangingthe clustersin a hierarchicaltree
structureandchoosingwhichclusterto useaccordingto athresh-
old on theamountof dataavailable.

Anotherimprovementis to specifyaprior distribution, 4 �NG  ,
for eachof the transformations.This leadsto the maximuma
posteriorilinear regression)(MAPLR) formulation[2]. Provided
thatgoodpriorsarechosen,theestimationof thetransformations
shouldbemorerobust. In this paperwe will extendtheMAPLR
framework to make useof hierarchicalpriors. This new devel-
opmentenablesus to choosebetterprior distributions,yielding
robust andwell behaved transformationsusingeven very small
amountsof adaptationdata.

In the next sectionwe will first explain the conceptof hier-
archicalpriorsandmake someassumptionsregardingtheir para-
metricform aswell asintroducingthenecessaryapproximations.
Next we will show how we canarrangethepriorsin a treestruc-
ture that correspondsto a hierarchicaltree of HMM parameter
clusters,andthenusethis correspondenceto estimateonetrans-
formationfor eachclusterin top down manner. Finally we will
presentsomeexperimentalresultsusingunsupervisedspeaker a-
daptationon theWSJSpoke 3 task.
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2. STRUCTURAL MAXIMUM A POSTERIORI LINEAR
REGRESSION

2.1. Hierarchical priors

Theuseof hierarchicalpriorsfor modeladaptationwasfirst seen
in [3], whereit wasusedto modelanacousticmismatchprobabil-
ity densityfunction (PDF).We will usea similar approachhere,
extendingthealgorithmto theMAPLR framework. Thebasicas-
sumptionis that eachprior hasa hyperprior, eachhyperpriora
hyper-hyperprior, andso on. As in [3] all the priors in the hier-
archywill have thesameparametricform, andwill beestimated
in a recursive manneraccordingto their relative positionin a tree
structure.Informally, whatwe wantto do is thefollowing:

1. Considera subset��� of theHMM parameters
� 1. Let

G �
bethetransformationto beappliedto themeanvectorsin��� . Using a prior 4 �NG �L andsomedata � , we find the
MAP estimateof

G � ,'G � �C*3,/.$01*32O	P 4 �NGRQ 5 � � � � 
�C*3,/.$01*32O	P 4 � �@5 G Q � � �  4 �NG Q  � (4)

2. Now considera subset��SUTV� � T � . Using
G � ’s pos-

terior distribution, 4 �NG �35 � � ���� , asour new prior distri-
bution we canfind a MAP estimatefor thetransformationG S to beappliedto themeanvectorsin ��S .

Using the stepsabove in a recursive mannerwe obtaina setof
transformationsthatis estimatedin aMAP senseusinga relevant
prior distribution. Theexact form of theprior andposteriordis-
tributions,aswell asa way of constructingthe setof parameter
clusterswill bediscussedbelow.

As alwayswhentheBayesianparadigmis involved,thechoi-
ceof priorsis adelicateone.In thiswork weassumethata trans-
formation

G
hasa normaldistributionwith mean� andcovari-

ance W . An immediateproblemwith this choiceof prior is that
the posteriordistribution 4 �NG 5 X ���  will not be containedin a
similarparametricfamily as4 �NG  , asis easilyseenfrom thefol-
lowing expression:

4 �NG 5 � ���  �ZYC[]\_^`Y ) \$a 4
� � �/b%�/c 5 Gd�/�  4 �NG 
4 � �U

�
(5)

Here e and f arethesetsof feasiblestateandmixturesequences
respectively. Using the exact form in (5) is clearly infeasibleas
thenumberof termsin theexpressionincreasesby anexponential
rate from one level of priors to the next. Approximationswill
haveto bemade,andin thiswork weapproximate4 �NG 5 � �7�  by
a normaldistribution with a meanequalto theMAP estimate

'G
andthesamecovarianceastheprior 4 �NG  .

Applying the two stepsspecifiedabove usingthe normality
assumptionand the approximationof the posteriorby a normal
distribution,we obtaina sequenceof prior distributions,� 4 �NG6g 5 G6gih ��? g , where

4 �NG@g 5 G@g
h ��kjml �NG@g�nLG6gih � � Wo � (6)

In thenext subsectionwe show how to arrangethesepriors into
trees.

2.2. A tree structure of transforms

Allowing severalpriorsto sharethesamehyperpriorgivesusthe
treestructurein Figure1. We now want to combinethe hierar-

1Fromhereon we considerp to be thesetof meanvectorsfrom the
Gaussianmixture distributions in the HMM only, as theseare the only
parametersthatwill beadaptedin thiswork.

q`rtsvu3w

q`rts �-x s1u�w q`r
s S x s1u�w

q`rtsvy x s � w q`rtsvz x s � w{q`rts�| x s S wHq`r
s1} x s S w
Figure1: A hierarchicaltreestructureof priors.

chical treestructureof priors with a correspondingstructureof
theHMM parameters.As wewill beadaptingtheGaussianmean
vectorsin this work, we will only be concernedwith clustersof
Gaussians.

A treestructureof parameterclustersis definedas follows.
Let the top node contain all the relevant parameters

�
in our

HMM. Now split this node into ~ separatechild nodes,each
containinga subset ���CT �

so that ���=���]� ���&���m�Z����
and � � ��� ��� . This procedurecanberepeatedfor eachof the
child nodes,eventuallydefiningsometree � . In practicethis can
beaccomplishedin oneof several ways. On onehand,phonetic
knowledgecanbeusedto clusterstatesbelongingto acoustically
similar models.Anotheralternative is to definea measureof dis-
tancebetweentwo Gaussiansandusethis togetherwith oneof
several well-known clusteringalgorithms. In this work we fol-
lowedtheapproachin [4] andusedadistortionmeasurebasedon
the Kullback-Leibler divergence. Startingout with all the Gaus-
siansin the HMM in the top nodeandthenusingour distortion
measureandtheK-meansalgorithm,we divide thenodeinto ~
clusters.Doing this recursively to all ~ clustersgivesusa treeof
increasinglyfine resolution.

We now assumethat eachnodein the treewill yield a prior
distribution thatcanbeusedby its child nodes.Startingwith the
top nodewe find the MAP estimateof a transformationmatrixG u

asdescribedin [2]. This matrix is thenpropagateddown the
treeandusedto definetheprior for thenext level of transforma-
tions. This processwill terminatefor oneof two reasons:either
a final nodeof the tree will be reached,or the amountof data
availableis consideredinsufficient to make a reliableestimateof
the local transform

G � . Finally, when this processhastermi-
nated,eachGaussianin the HMM will be adaptedusing some
local transform

G
. If a transformwassuccessfullyestimatedin

the treenodewherethe Gaussianresides,it will be used. If no
transformcould be estimated,the closesttransformfrom some
higherlevel in the treewill beapplied.This is illustratedin Fig-
ure 2, wherethe circlesfilled with black illustratessuccessfully
estimatedtransforms,andthe white circlesarenodeswheretoo
little datawereavailable.In thenext sectionwewill show how to
estimatethetransformin a givennode.

2.3. Estimating the transforms

TheMAP estimateof thetransform
G � in node

�
is notavailable

asa closedform solution. However, the problemlendsitself to
theuseof theEM-algorithm[5] whichyieldsthefollowing object
functionto beminimized:

� �NG � � 'G �$ �����$. 4 � 'G � h � 
D��
[�\_^

�
) \;a 4

� � �Lb%�/c 5 ����G �  ���$. 4 � � �/b%�/c 5 ��� 'G �  (7)
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Figure2: Adaptationusingtheclosesttransformationavailable.

As previously, e and f are the setsof feasiblestateand mix-
turesequencesrespectively. 4 � 'G �¡5 G � h �  is theprior propagated
from theparentnode.

Differentiating(7) with respectto every elementin
'G � and

settingthe resultequalto zerogivesus a setof linear equations
thatis equivalentto theMAPLR estimationproblempresentedin
[2]. Using a full covariancematrix W for the prior resultsin a
systemof 4£¢ � 4 D�¤  equationsin 4¥¢ � 4 D�¤  unknowns, 4
beingthemeanvectordimension,which is clearlya considerable
numericalproblem.However, usingadiagonalcovariancematrix
resultsin 4 setsof 4 D�¤ equationsin 4 D�¤ unknowns,which is
thesamecomputationalcomplexity asMLLR. For thederivation
of theMAPLR equations,see[6].

A final noteshouldbemadeon solving the linearequations.
As wego down thetreethesystemsof equationsto besolvedbe-
comesincreasinglyill-conditioned,makingstandardapproaches
like LU-factorizationbehave poorly. Iterative methodsbasedon
theconjugategradientalgorithmseemto behave better, although
carehasto betakenwith regardto theconvergence[7].

3. EXPERIMENTS AND RESULTS

3.1. Database and baseline system

Experimentsare performedon the 1993 Spoke3 test set of the
WSJ task. The Spoke3 dataconsistsof 10 non-native speakers
of AmericanEnglish. Eachspeaker provided40 utterancesused
for modeladaptationand40 utterancesfor testing. Model adap-
tation experimentshave beencarriedout for eachspeaker using
variousamountof adaptationdata,rangingfrom 1 to 40 utter-
ances.In orderto get statisticallyrepresentative results,adapta-
tion experimentsarerepeatedfor 3 differentselectionsof theset
of adaptationutterances(exceptfor 40 utteranceswherea single
setwasused).For example,experimentsinvolving 5 adaptation
utteranceshave beendoneusing3 differentsetsof 5 adaptation
utterances,randomlyselectedfrom the40 utterancesavailablein
theadaptationdata.

TriphoneHMM modelsarebuilt on the WSJSI-84 training
setusingadecision-treestatetying algorithm[8]. A totalof 3448
tied-stateswith anaverageof about11 Gaussianmixturecompo-
nentsperstateis obtained.A 5K-wordpronunciationlexiconwas
generatedautomaticallyusing a generalEnglish text-to-speech
system[9]. The languagemodelusedin the experimentsis the
standardtrigramlanguagemodelprovidedby NIST for theWSJ
task.

A standardMel frequency cepstralcoefficient (MFCC) front-
endis usedto createafeaturevectorof 39components,consisting
of 12 MFCC componentplus the log-energy term andtheir first
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Figure3: Worderrorrate(%) for batchunsupervisedexperiments
for MLLR andSMAPLR for variousamountof adaptationutter-
ances.

andsecondderivatives. Cepstralmeannormalizationis applied
on eachsentence.

Thetreeof Gaussiandensitiesusedfor adaptationis designed
sothat thenumberof childrenin eachnodeis at most10,except
for the last layer in the treewhich contains40 terminal (single
Gaussian)nodes.

3.2. Experimental results

Two seriesof adaptationexperimentshave beenperformed.The
first oneis aseriesof unsupervisedbatch adaptationexperiments:
the acousticmodelsare adaptedbasedon the adaptationutter-
ancesextractedfrom the adaptationdata,andthe adaptedmod-
els areusedto recognizethe testdata. The secondseriesof ex-
perimentsis basedonunsupervisedonlineadaptation,sometimes
calledauto-adaptationor self-adaptation:while recognizingthe
testdata,the acousticmodelsareperiodicallyupdatedusingthe
previously recognizedutterancesto estimatethe transformation
parameters.

In the unsupervisedbatchadaptationexperiments,for each
speaker, the adaptationdatais recognizedusing the 5K lexicon
andtheobtainedhypothesizedtranscriptionsareusedto carryout
the adaptation.We shouldpoint out that the lexicon usedto de-
rive the hypotheticaltranscriptionof the adaptationdata is the
5K-closedlexiconusedfor testing.Becausethevocabularyof the
adaptationutterancesis differentfrom thevocabulary usedin the
testset,many adaptationutterancescanthereforecontainout of
vocabulary words. This is an especiallydifficult adaptationsce-
nario sincethe hypothesizedtranscriptionof the adaptationdata
is likely to containserrors.Accordingto ourexperimentaldesign,
both MLLR andSMAPLR usethe samenumberof transforma-
tion matriceslocatedat thesamenodesin thetree(thesamesets
of adaptationutterancesarealsoused). Therefore,the only dif-
ferencebetweenthe2 adaptationtechniquesis in the estimation
criterion,maximumlikelihoodfor MLLR, maximuma posterior
with hierarchicalpriorsfor SMAPLR.Figure3 representsexper-
imental resultsfor MLLR andSMAPLR adaptationfor various
amountof adaptationdata. The resultsaregiven in termsof av-



Adapt.method WER (%)

Baseline 29.1
MLLR 21.6
SMAPLR 19.7

Table1: Word error rate(%) for unsupervisedonline adaptation
experimentsfor MLLR andSMAPLR.

erageword errorrateover the10 speakers. It clearlyappearsthat
SMAPLRoutperformsMLLR for any amountof adaptationdata,
asit wasalsoobservedin ourpreviousexperimentsonsupervised
adaptation[10]. We shouldpoint out that no attemptwasmade
to optimize the performanceof MLLR nor SMAPLR by doing
a carefulselectionof the numberof transformationmatricesfor
eachamountof adaptationdata.Thethresholdusedto controlthe
numberof transformationswasselectedoncefor all, andnever
modified. Theexperimentalsettingis similar to theoneusedfor
batchsupervisedexperimentsdescribedin [10]. Obviously, with
this setting,MLLR clearlyoverfits theadaptationdata. Because
of the prior information, the SMAPLR estimatesavoid overfit-
ting anda reasonablegeneralizationis obtained.Onecanargue
thatby reducingdrasticallythenumberof transformationmatri-
cesin MLLR, onemight avoid overfitting, asit wasexperimen-
tally shown in [10] for supervisedadaptation.This illustratesthat
SMAPLR is muchlesssensitive thanMLLR to implementation
detailslike theselectionof thenumberof transformations.More-
over, webelieve thatwhenthenumberof transformationmatrices
is carefully optimized, the bestSMAPLR settingcan still out-
performthe bestMLLR scenario,for any amountof adaptation
data.This wasillustratedin [11] wherefinely tunedMAPLR and
MLLR were compared,showing a systematicadvantageof the
Bayesianestimationover themaximumlikelihoodestimation.

In our onlineunsupervisedadaptationexperiments,themod-
elsareadaptedperiodically, every 3 testutterances,startingfrom
theinitial speaker independentmodels.Ratherthanusinga com-
plex online approachbasedon a recursive Bayesianformulation
asin [12], wechooseto keep2 setsof acousticmodelsin memory:
the original speaker independentmodeland the adaptedmodel.
The adaptedmodel is usedfor recognitionand to generatethe
statesegmentationusedfor adaptation.Theoriginalspeaker inde-
pendentmodelis usedto carryout theestimationof thetransfor-
mationmatricesusingthesufficientstatisticsthathavebeenaccu-
mulatedup to thecurrenttestutterance.In Table1, theonlineun-
supervisedadaptationresultsaregivenfor MLLR andSMAPLR
adaptation.Again,SMAPLR show someimprovementover ML-
LR. It might seemsurprisingthat the word error rateis closeto
what was obtainedwith batchunsupervisedadaptationwith 40
adaptationexperiments(oneshouldexpectsomethingworsethan
the 40 utteranceunsupervisedadaptation).It is importantto re-
memberthat in our experiments,thebatchadaptationutterances
containmany out of vocabulary words,while the online adapta-
tion usesa closedlexicon, explaining the relatively badperfor-
manceof thebatchunsupervisedadaptationcomparedto theon-
line adaptation.

4. CONCLUSIONS

Wehavepresentedanextensionto theMAPLR approachto model
adaptation.Hierarchicalpriorsarearrangedin atreestructure,es-
timatedin a top-down mannerandusedto find robust estimates
for the transformationmatricesusedin a linear regressionstep.
Comparedto the original maximumlikelihood basedapproach

(MLLR), we obtain robust estimatesover a rangeof available
adaptationdatawith a minimum of parametertuning. Because
of the hierarchicalprior information,the SMAPLR algorithmis
lesssensitive thanMLLR to thenumberof transformations,intro-
ducesa dependency in theestimationof transformationmatrices
betweennodeshaving a commonparent,andprovidesa conve-
nient way to derive a prior distribution 4 �NG  in eachnodeof
thetree(whichwaslackingin ouroriginalMAPLR formulation).
Ourunsupervisedadaptationexperimentsonthe1993Spoke3test
setof theWSJtaskshow thesuperiorityof theproposedapproach
over MLLR.
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