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ABSTRACT
Transformation-basedmodel adaptationtechniqueslike maxi-

mumlikelihoodlinear regression(MLLR) rely on anaccuratese-
lection of the numberof transformationsfor a given amountof
adaptationdata.If toomany transformationsareused,thetransfor-
mationparametersmaybepoorly estimated,canoverfit theadap-
tation data,andoffer poor generalization.On the otherhand,if
the numberof transformationsis too small, the adaptedmodels
canonly provide a moderateimprovementover thebaselinemod-
els. An adaptationapproachshouldthereforebe flexible in order
to estimatereliably a large numberof transformationswhen the
amountof adaptationdatais large, anda small numberof trans-
formationswhenonly a few adaptationutterancesareavailable.In
thiswork, weshow thatasignificantimprovementcanbeobtained
overMLLR with dynamicregressionclasses,first by replacingthe
maximumlikelihoodestimationcriterionby amaximumaposteri-
ori criterion,thenby introducinga tree-structurefor theprior den-
sities of the transformations.The effectivenessof the proposed
approachis illustratedontheSpoke31993testsetof theWSJtask.
Using the sameregressionclassesasMLLR, it is shown that the
proposedapproachreducesthe risk of overfitting andexploit the
adaptationdatamuch more efficiently than MLLR, leading to a
significant reductionof the word error rate with as little as one
adaptationutterance.

1. INTRODUCTION
Model adaptationtechniquesare an efficient way to re-

ducespeaker-relatedfluctuationsas well as acousticalen-
vironmentdiscrepanciesthat typically occurbetweentrain-
ing and testingof speechrecognitionsystems[1]. Under
this very generalfamily of techniques,two broadclassesof
approaches,namely indirect anddirect adaptation,can be
identified[2]. Indirectmodeladaptationapproachesaretra-
ditionally transformation-basedtechniqueswhereclustersof
model parametersare transformedthrougha sharedfunc-
tion �����	��
 whoseparameters� areestimatedfrom a setof
adaptationdata. Suchapproachescan be consideredas a
global adaptationscenariosinceall model parameters��
belongingto a commoncluster � aresimultaneouslytrans-
formed to ������� ��� �����
 . Due to this sharing,all acous-�
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tic unitscanbeadaptedwhich makestransformation-based
adaptationtechniquesespeciallyattractivein situationswhe-
re only a limited amountof adaptationdata is available.
When the transformation� � �	��
 is an affine transformation
of hiddenMarkov model (HMM) meanvectorsestimated
usingmaximumlikelihood,thisapproachbecomesthewell-
known maximumlikelihoodlinear regression(MLLR) [3],
which has been successfullyapplied to speaker and en-
vironment adaptation. It should be noted however that
transformation-basedadaptationtechniquesgenerallysuffer
from poor asymptoticpropertiesleadingto a quick satura-
tion in performanceas the amountof adaptationdata in-
creases.

Direct model adaptationtechniquesdo not assumeany
underlyingfunctionaltransformationbut attemptto directly
reestimatethe modelparameters.Acousticunits for which
adaptationdatais availablearereestimated,leadingto a lo-
cal adaptationsinceunseenunitsarenotmodified.Themost
representative approachin direct adaptationis Bayesian
learning, often implementedvia maximum a posteriori
(MAP) estimation[4, 5]. MAP adaptationcombinesun-
derawell definedmathematicalformulationtheinformation
providedby theadaptationdatawith someprior knowledge
aboutthe model parametersdescribedby a prior distribu-
tion. A fundamentalpropertyof MAP adaptationis its nice
asymptoticconvergenceto maximumlikelihoodestimation
whentheamountof adaptationdataincreases.This conver-
genceis however fairly slow anda large amountof adap-
tation datais neededto observe a significantperformance
improvement.

Recentworkshave beenfocusedon takingadvantageof
both direct andindirectadaptationapproaches.A straight-
forward techniqueconsistsof applyingan indirect adapta-
tion methodfollowedby adirectadaptation,asin [6] where
a MLLR-lik e transformationis followed by MAP adapta-
tion. Suchatechniquecanbefurtherrefinedby jointly rees-
timating the model and transformationparametersusinga
commonMAP estimationcriterion,asdonein [7], andhas
beenshown to outperformMAP andMLLR for small and
large amountof adaptationdata. Otherapproachesintend
to provide additionalinformation to constraintthe adapta-



tion procedure.In transformation-basedmodeladaptation,
this additionalinformationcantake theform of a prior dis-
tribution of the transformationparameters,which is then
usedto constrainttheestimationvia the useof a MAP cri-
terion[8, 9, 10, 11]. For example,thetraditionalMLLR al-
gorithm canbe reformulatedundera Bayesianframework
by introducinga prior distribution for the affine transfor-
mationmatricesleadingto theMAPLR algorithm[10, 11].
Additional information can also be provided by a proper
structuringof model parameters,transformationparame-
ters and prior densitiesas in the structuralMAP formu-
lation (SMAP) [12, 13]. In SMAP, the model parameters
areorganizedin a treecontainingall theGaussiandistribu-
tions.Eachnodein thattreerepresentsaclusterof Gaussian
distributionssharingacommontransformationrepresenting
themismatchbetweentraining andtestingconditions.The
transformationparametersarerepresentedby theirprobabil-
ity densityfunctionsusinghierarchicalpriors. Becauseof
this highly constrainedstructure,efficientadaptationcanbe
obtainedwhenonly a limited amountof adaptationdatais
available,while still preservinggoodasymptoticproperties
asthesizeof adaptationdataincreases.

This paperis a naturalextensionof the SMAP approach
to amorecomplex classof transformation,namelyanaffine
transformationof themeanvectors,similar to the transfor-
mation usedin MLLR. Prior densitiesfor the transforma-
tion matricesarehierarchicallystructuredin a tree,andthe
transformationmatricesarederivedusingamaximuma pos-
teriori criterion. For that reason,the proposedapproach
is calledStructuralMaximum A PosterioriLinear Regres-
sion,or SMAPLR. Becauseof the useof structuredpriors,
SMAPLR is expectedto lead to a fast adaptation,reduce
risk of overfitting, and improve convergencecomparedto
MLLR. SMAPLRis alsoexpectedto outperformSMAPdue
to themorecomplex transformationfamily.

TheproposedapproachhasbeenevaluatedontheSpoke3
part (non-native speakers) of the Wall StreetJournaltask,
andcomparedto severalstandardadaptationtechniqueslike
MAP, MLLR andSMAP. Thepaperis organizedasfollows.
Section2 describesthe SMAPLR algorithm,experimental
resultsaregivenin section3, andsection4 summarizesour
findings.

2. STRUCTURAL MAXIMUM A POSTERIORI
LINEAR REGRESSION

General principle
Thissectiongivesaninformaldescriptionof thestructural

MAPLR algorithm.Thetree-basedMLLR algorithm[19] is
first reviewed, outlining potentialdrawbacksand the need
for additionalinformationto constrainthe estimation. We
arguethat this additionalinformationcanbe derived from
thetreestructure,andincorporatedinto theestimationpro-
cessusing a Bayesianapproach,leadingto the SMAPLR
algorithm.

Tree-basedMLLR algorithm A crucial problem in
transformation-basedadaptationis to definethe clustersof
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Figure 1: Tree-basedMLLR algorithm. Thecut is definedbased
ontheamountof adaptationdataavailablein eachleaf. A transfor-
mationmatrix is derived for eachnodealong the cut. Eachleaf
node inherits the most specific transformationmatrix derived at
eachcut-node,andthecorrespondingGaussiandensityis adapted.

HMM parametersthatwill shareacommontransformation.
We will assumethat the transformation-basedadaptation
techniqueis MLLR, but thefollowing discussionis general
enoughto bevalid for any transformation-basedadaptation
technique.

In earlyMLLR works,theclusters,alsocalledregression
classes,are definedbasedon broadphoneticclasses[15],
following the motivation is that similar classesof sounds
shouldundergothesametransformation.Theseclustersare
however definedstatically, which significantlylimit the ef-
fectivenessof theadaptationalgorithmandleadto anearly
saturationof theadaptedsystemaccuracy astheamountof
adaptationdataincreases.

This problemcanbe addressedby dynamicallycontrol-
ling the numberof transformationclustersbasedon the
availableamountof adaptationdata. Sinceit is reasonable
to assumethat acousticunits which are acousticallyclose
to eachother shouldsharethe sametransformation,these
acousticunitscanbestructuredin a tree,anddefiningtrans-
formation classesconsistsof selectinga set of nodeson
which to associatea transformation.This is the approach
followedin [19], andillustratedin Fig 1. In this typical im-
plementationof MLLR, a treestructureis first determined,
whoseleavesaretheGaussianprobabilitydensityfunctions
(pdf) of the continuousdensityHMMs. As the adaptation
datais collectedandalignedagainstits transcription1, the
sufficient statisticsfor eachGaussianpdf areaccumulated.
A “cut” (set of nodes)is thendefinedsuchthat eachsub-
treealongthe cut containsa numberof frameslarger than
a predeterminedthreshold� . A transformationis thenasso-
ciatedto eachnodealongthecut, andcanbederivedusing
for examplemaximumlikelihoodestimationas in MLLR.
We shouldpointout thatthecut is obtainedusinga bottom-
up approachso that the transformationassociatedto each
cut nodeis themostspecifictransformationto applyon the
Gaussiandensitieslying at the leavesof the corresponding

1assumingfor simplicity asupervisedadaptationscenario.
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Figure 2: Tree-basedMAPLR algorithm. As is MLLR, the cut
is definedbasedontheamountof adaptationdataavailablein each
leaf. Assumingthataprior density��� �"!$# is availablein eachnode%
alongthecut,thetransformationmatrices�&! areestimatedusing

aMAP criterion: '�"!)(+*-,	.0/1*-23��� 45!76 �"!78	9:#;��� �"!$# , where4<!
denotestheadaptationdataavailablein node

%
.

subtree.If theamountof adaptationdatais very small, the
cutwill lie neartherootnodesinceonly nodeslocatedat the
higher level of the treewill gatherenoughadaptationdata
to definea transformationclass. As the amountof adap-
tation dataincreases,the cut will slowly move toward the
leafnodes,leadingto moreandmoretransformationclasses.
Thecomplexity of thetransformationsis thereforedynami-
cally controlledbasedon thesizeof adaptationdataandthe
threshold� .

In orderto get thebestadaptationperformance,a careful
selectionof the threshold� is required. If � is too small,
too many transformationclustersmight bedefined,leading
to modeltransformationsthatoverfit theadaptationdata.If� is too large, the numberof transformationsmight be to
small, leadingto limited improvementin recognitionaccu-
racy comparedto thebaselinesystem.Moreover, therecog-
nition accuracy is quitesensitive to smallchangesin thelo-
cationof thecutwhichcangenerateradicallydifferenttrans-
formationclusters.

Adding transformationpriors To handle some of the
problemsmentionedin the previous subsection,the esti-
mationof the transformationin eachcut-nodecanbe con-
strainedby using a MAP estimationcriterion rather than
the usualmaximumlikelihood. This is the basicidea be-
hind the MAPLR algorithmwhich simply replacestheML
criterion by MAP in the MLLR formulation[10, 11]. For
eachcut-node,it is assumedthat a prior distribution2 of
the transformationmatrix is available,which helpsgetting
a more reliableestimateof the transformationparameters.
This is illustratedin Fig. 2, wherethe transformationma-
tricesalongeachcut node = arenow estimatedusingMAP,
giventheprior density>��@?BAC
 constrainingtheestimationin
eachnode.

Thisprior informationprovidesanadditionalway to con-

2Thereadershouldkeepin mind thattheprior distribution we mention
henceforthis the prior distribution of the transformationmatrix, not the
prior distribution of theHMM parameters.

trol theadaptation.Supposingthattheprior hasaverysmall
variance,it meansthat whatever adaptationdata is avail-
able, the estimatewill be conditionedmainly by the prior
information. A “good” prior information is thereforeable
to control, to someextend,theoverfitting of theadaptation
algorithm.

An importantissuein theMAPLR formulationis to deter-
mineanestimateof theprior distribution >D��? A 
 in eachcut-
node.Thesolutionadoptedin [10, 11] is to derive theprior
distribution directly from the speaker independentmodels.
Despiteproviding improvedresultsover MLLR, especially
on an incrementalunsupervisedadaptationtask,aswell as
reducingthe sensitivity to the numberof transformations,
this is a very crudeandad-hocapproach,unableto provide
very accurateprior information. This issueis addressedin
thenext section.

Addingstructureto thetransformationpriors In thepre-
vious sections,the treeis only usedto definethe transfor-
mationclusters.All transformations?BA alongthe cut are
estimatedindependentlyof eachother, usingthedataavail-
able in the correspondingsubtree.For example,in Fig. 2,
thedatalying in thesubtreeof node4 usedto estimate?FE
doesnot affect in any way theestimationof ?HG .

Supposenow thatatransformationis estimatedin node2,
theparentof nodes4 and5. It is quite likely that thetrans-
formationderivedin node2 canprovide someusefulinfor-
mationto constraintthe estimationits child nodes,thereby
introducinga dependency in theestimationof ? E and ?HG
via their parentnode.

An attractive way to introducethis constraintfrom the
parentnodeis to useBayesianstatistics.Given a prior in-
formation >D�@?BI0
 in node2 andsomeadaptationdata JKI ,
theposteriordistributionof ?BI canbederived: >D�@?BIML J�IN
 .
Then,it is possibletodefinetheprior distributionin thechild
node4, >��@?HE0
 , as >��@?HE0
:�O>��@? I L J I 
 andcarryout the
MAP estimationof ?HE .

This processcan be startedat the root node and is il-
lustratedin Fig. 3. Starting from an initial prior density>D��?�PQ
 centeredat an identity transformation,>D��?�PRL JSP-

is estimatedandusedasprior densityin theimmediatechild
nodes. This prior/posteriorinformation is propagatedus-
ing the sameprinciple down to eachnodealong the cut,
wherea MAPLR estimationof the transformationsis then
performed.

Sinceeachnodealong the cut inherits its prior density>D��?T
 from theposteriordensityof its parent,>��@?UL JV
 , the
estimationin a givencut-nodeis constrainedvia theposte-
rior densities>D��?HAWL J�AC
 derived in eachnodeon the path
from the root nodeto the currentnode. Sucha structural
constraintprovidesanattractivewayto controlthecomplex-
ity of the adaptationbeingmuchlesssensitive to the loca-
tion of thecutandthereforeto afinetuningof thenumberof
transformations.If only a small amountof adaptationdata
is available,posteriordistributionscanstill bereliably esti-
matednearthe top layersof the tree,andarelessandless
modified as they are propagateddown the tree to the cut-
nodes. That preventsoverfitting even if the cut is located
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of parentX , theprior density��� �"!�# is definedas��� �ZY[6 4\YQ# .
closeto the leaf nodessincetheprior informationhasbeen
obtainedfrom thetopnodes.Ontheotherhand,asmoreand
moreadaptationdatais available,theprior densitiesareget-
ting moreandmorerefinedasthey arepropagateddown the
tree,andcanthereforeprovidemorelocal transformations.

A direct consequenceof this behavior is that SMAPLR
canaccommodateacutthatcanbeplacedmuchlowerin the
treecomparedto MLLR, sincethecomplexity of thetrans-
formationscanbe controlledby the prior structure.More-
over, the SMAPLR adaptationmakes a better use of the
adaptationdatathan MLLR since the transformationsare
constrainedfrom therootnodeto thecutnodes,andis there-
foreexpectedto outperformMLLR. Thenext sectiongivesa
moreformaldescriptionof theSMAPLRalgorithm,andfo-
cusespeciallyon thepropagationof theprior/posteriorden-
sity in thetree.

Structural MAPLR algorithm
Thereare basically two relatedissuesin the SMAPLR

algorithm.Thefirst oneis to deriveanestimateof thetrans-
formationmatrixateachcut-nodesaccordingto aMAP cri-
terion,while thesecondoneis to approximatetheposterior
distribution of the transformationmatrix given the adapta-
tion data in eachnode. In order to addresstheseissues,
somenotationsshouldfirst be introduced.Then,we briefly
describethe MAP estimation,which is nothingmore than
theMAPLR algorithm[10, 11], andfinally we describethe
hierarchicalderivationof theprior densities.

Modelandtransformationdescription We adopt in this
paperthe samenotationsas in [10]. The setof HMM pa-
rametersis denoted]"�_^N`�acb dfehg acb d ehiKacb dkj wherè�acb d ,g acb d , and ilamb d representthemixtureweight,meanvector
andprecision3 matrix of the n th mixturecomponentin the
stateo , with g acb dqpsrut and ilamb d pvrwtMx[t . In agivenstateo , the distribution of an acousticvector y is modeledwithz

Gaussianmixtures:

>��@y{L |\�Oo}
~� ��
d��DP `�amb d{�q��y~�hg acb d ehiKacb d:
-e (1)

3Theprecisionmatrix is definedasthematrix inverseof thecovariance.

where�q�@y~�Wg acb d ehilamb d�
 is a Normaldistribution of meang acb d andprecisionmatrix iKacb d definedas:

�q��y~�hg amb d eW� acb d 
~�
L � amb d L P�� I �N�-�m���{�S�� ��yS�sg acb d 
	��i acb d ��yS�sg acb d 
��l�

(2)

Regardingthemodeladaptation,weassumethatthemean
vector of a Normal distribution is transformedby apply-
ing an affine transformationdefinedby the parameterset� �q^0�Veh��j where� is a >1��> transformationmatrixand �
is a translationvector. As usuallydonein theMLLR formu-
lation, we will prefera morecompactnotation, � ��^N?�j ,
where?��"� �ve��D� is a >V� �¡>5¢ � 
 matrix:

�g acb d �O�Kg acb d ¢+� or equivalently�£?¥¤g acb d e (3)

where ¤g acb d is theextendedmeanvectordefinedas ¤g �amb d �� g �acb d e � � .MAPLR algorithm Let us assumethat we want to esti-
matethe transformationmatrix ? in a given nodeof the
tree,given someadaptationdata J . The MAP estimation
problemcanbesimply writtenasfollows:¤? �§¦R¨h©[ª�¦«�¬ >D��?UL J eW�


�§¦R¨h©[ª�¦«�¬ >D��J+L ?eW�
@>D�@?T
-e (4)

where >D��?T
 is the a priori distribution of the transforma-
tion matrix ? . This correspondsto theMAPLR adaptation
algorithm[10]. A convenientprior distribution family for>D��?T
 is the matrix variateNormal distribution, a matrix
versionof the multivariateNormal distribution, definedas
follows [17]:

>��@?T
��"L ®�L¡¯}° tQ± P�²�� I L ³�L¡¯ t � I �
�-�m�����S��:´ ¨��@?µ�s¶&
 � ® ¯ P ��?·� ¶"
W³ ¯ P �le (5)

where ¶ , ® , and ³ arethehyperparametersfor thatdistri-
bution family, with ¶ p rutMx ° t-± P	² , ® p¸rwtMx[t , ®º¹O» , and³ psr ° tQ± P	² x ° tQ± P�² , ³�¹¼» . To distinguishthisprior density
family from our genericpdfs’ notation, >D�	��
 , let us repre-
sentthe matrix variateNormal densityby ½3�@?��¾K
 where¾¿�À^0¶�e�®Áe�³Âj is thesetof hyperparameters.

Given this prior distribution, the MAP estimationprob-
lem canbesolvedunderclosedform via theEM algorithm.
Underits mostgeneralformulation(full transformationma-
trix andfull prior hyperparameters),the derivation leadsto
a systemof >£�_�Ã>v¢ � 
 linear equationswhosesolution
is the desiredtransformationmatrix. Full detailsaregiven
in [10, 11].

Hierarchicalprior derivation The SMAPLR algorithm
relies on the idea that the posteriordistribution in a given
nodeis usedasprior distribution in its child nodes.In order



to carryout theMAPLR estimationin eachnodeof thetree,
it is essentialto useaprior distributionbelongingto thema-
trix variateNormaldensityusedin theMAPLR formulation.
However, theposteriordistribution of ? giventheadapta-
tion dataJ , >D��?UL JV
 , doesnotbelongto the ½���?��¾�
 fam-
ily, asillustratedbelow, where ÄÅ��^�|NÆhj and Ç&��^0È�Æhj is
thestateandmixturesequenceassociatedto theobservation
sequenceJH�q^Ny Æ j :

>D��?UL J eW]5
�� >D�@J+L ?eh]�
É½3�@?��¾K
>��@J+L ]<

�¿ÊÌË�ÊOÍ >D��Jse�ÄÎehÇ�L :e�?T
7½���?��¾�
>��@J+L ]<


(6)

The summationin (6) doesnot reduceto a matrix variate
Normal distribution. Moreover, propagatingthe true pos-
terior pdf down the tree would generatean ever expand-
ing summationof terms. It is thereforenecessaryto ap-
proximatethe trueposteriordistribution >��@?UL JseW]5
 by its
“closest” (i.e. in the Kullback-Leiblersense)distribution½3�@?��¾�
 from thematrixvariateNormalprior family. This
is howeveraverycomplex problemwith noclosed-formso-
lution andanalternativesolutionis required.

As the amountof adaptationdata increases,the poste-
rior distribution >D�@?UL J eh]<
 getsmore and more concen-
tratedaroundits mode,dueto thedominantcontribution of
the likelihood. It becomesthereforereasonableto approxi-
matethetrueposteriordistribution >��@?UL J eh]5
 by a distri-
butionfrom thematrixvariateNormalfamily ½���?��¾�
 hav-
ing thesamemode.Hence,theproblemreducesto deriving
themodeof theposteriordistribution >��@?UL JseW]5
 , which is
nothingmorethantheMAPLR estimateof the transforma-
tionmatrixdescribedattheprevioussection.Let = beagiven
nodeand Ï beoneof its child node. Let J�A be the adapta-
tion dataavailablein thenode = and ¤?HA thecorresponding
MAPLR estimateof the transformationmatrix. The prior
density>mÐ[��?T
 simplyapproximatethetrueposteriordistri-
bution >)A���?UL J�AC
 by a distribution from the matrix variate
Normal densityhaving ¤? A asmode,in other words such
that ¶ � ¤? A . Sincethereis an infinity of suchdistribu-
tions having ¤? A asmode,we will assumeasa simplifica-
tion thattheotherhyperparameters,namely ^Ñ®Âe�³Âj arenot
modified.

Thewhole SMAPLR adaptationalgorithmcantherefore
besummarizedasfollows:

1. Startwith an initial prior distribution from the matrix
variateNormaldensityat theroot node.

2. Explore the tree in a breadth-firstmanner. For each
nodeÏ of parent= :

(a) Setthehyperparameter¶_Ð of theprior distribu-
tion to the MAPLR estimate?BA derived in the
parentnode=

(b) Derive theMAPLR estimate?¿Ð giventheadap-
tationdataJÂÐ associatedto nodeÏ

(c) If Ï is a leaf node,apply the transformation?¿Ð
to thecorrespondingGaussianpdf

As a result,all Gaussianpdfsareadapted,regardlessof the
amountof adaptationdata. If little adaptationdatais avail-
able,thepriorsatthetopof thetreehaveadominantroleand
getpropagateddown thetreeto thecut-nodes,withoutbeing
significantlymodifiedfrom layerto layer. As theamountof
adaptationincreases,the adaptationschemeis ableto take
full advantageof theinformationprovidedby theadaptation
datawhile still benefittingfrom hierarchicallyderivedprior
densities.

3. EXPERIMENTS AND RESULTS

Database and System description
The proposedadaptationalgorithm is evaluatedon the

non-native speaker adaptationpart (Spoke3,November93)
of the Wall StreetJournal(WSJ) task. The Spoke3 data
consistsof 5K-word readWSJdatacollectedfrom 10 non-
native speakers of AmericanEnglish. Eachspeaker pro-
vided40 utterancesfor fastmodeladaptationand40 utter-
ancesfor testing.

A standardMel frequency cepstralcoefficient (MFCC)
front-end is usedto createa featurevector of 39 compo-
nents, consistingof 12 MFCC componentplus the log-
energy termandtheir first andsecondderivatives. Cepstral
meannormalizationis appliedon eachsentence.

The SI-84 training set (WSJ0)is usedto build baseline
triphoneHMMs using the phoneticdecisiontree statety-
ing algorithmdescribedin [14]. The standardtrigram lan-
guagemodelprovidedby NIST for theWSJcorpusis used
in all experiments,togetherwith a 5K-word lexicon auto-
matically generatedusinga generalEnglishtext-to-speech
system[18].

Experimental results
Adaptation experimentsare carried out in supervised

mode4, for variousamountof adaptationutterances(1, 5,
10, 20 and40 utterances).For eacheachtestspeaker and
adaptationconfiguration,theadaptedmodelsaresavedand
usedto runrecognitiononthecorrespondingtestdata.Vari-
ousadaptationtechniquesareusedandcomparedto thepro-
posedSMAPLRframework, includingMAP adaptation[5],
MLLR adaptation[3] andSMAP adaptation[13]. In each
case,theHMM meanvectorsaretheonly parametersto be
adapted.BothSMAPLR andMLLR usefull transformation
matrices.

The tree of Gaussiandensitiesneededby the MLLR,
SMAPLR andSMAP algorithm is built from the baseline
speaker independentHMMs usingthe algorithmdescribed
in [13], slightly modifiedto getamorebalancedtree.

Ratherthanadjustingandspecifyingexplicitly the num-
ber of transformationmatrices(regressionclasses)usedby
MLLR for eachsizeof adaptationutterances,thenumberof
transformationmatricesis determinedusingthe treebased

4Supervisedadaptationmeansthat the text transcriptionof theadapta-
tion datais known



on theamountof adaptationdataavailablein eachnode,as
in [19]. Thenumberof transformationsis thereforedynami-
cally controlledusingasinglethresholdspecifyingthemin-
imum numberof framesrequiredin eachnodeto definea
regressionclass.This strategy is alsousedin theSMAPLR
experiments,meaningthat the sameregressionclassesare
usedby MLLR andSMAPLR, thedifferencebeingthatthe
SMAPLR transformationsare hierarchicallyderived from
therootnodeusinga MAP criterion.

SMAPLRadaptationis controlledby theinitial prior den-
sity >D��?T
 at the root node.We choose>D��?T
 suchthat its
mode ¶ representsan identity transformation,¶Ò�º� ÓÕÔ�� .
Thescaleof theprior distribution >D��?T
 is controlledby the
two hyperparameters® and ³ . Wefix ³ to theidentityma-
trix, ³&�§Ó , asdonein [10, 11]. ® is setto a scaledidentity
matrix, ®&�ZÖZ�QÓ sothatthescalingis only controlledby a
scalarcoefficient Ö .

In afirst seriesof experiments,theinfluenceof thescaling
factor Ö is studied.Ö is usedto controltheinitial weightof
the prior informationcomparedto the weight of the adap-
tation data. For a given amountof adaptationdata,as Ö
decreases,the influenceof the prior informationincreases.
On theotherhand,as Ö increases,theinfluenceof theprior
information decreasesand the estimateof the transforma-
tion matricesrelies mainly on the adaptationdata. At the
limit, if Ö is setto infinity, theprior informationvanishand
SMAPLR convergesto MLLR; if Ö is setto » , theestimate
of ? becomesequalto themode¶ of theinitial prior dis-
tribution andis anidentity transformation.TheinfluenceofÖ is illustratedin Fig. 4 wherethe averageword error rate
(WER) is givenfor variousamountof adaptationdata,withÖ×� � , Ö×� PP	Ø and Ö×� PP	ØhØ . If too little weight is given
to theprior information( Ö&� � ), theestimatedtransforma-
tionsmayoverfit theadaptationdata,asillustratedwhenus-
ing a singleadaptationutterance.By increasingtheweight
of theprior ( ÖÀ� �ÑÙc� »[» ), theestimatedtransformationsare
constrainedby thetransformationslying neartheroot node
of the tree, reducingthe risk of overfitting. On the other
hand,for a large amountof adaptationutterances,say40,
a strongprior information( ÖH� �ÑÙc� »[» ) may be detrimen-
tal sinceit is constrainingthe transformationestimatestoo
much with the estimatesderived nearthe root node. It is
reasonableto adjustthescalingfactor Ö basedon thedepth
of the tree. A simpleheuristicconsistingof settinga smallÖ at the root note ( ÖÚ� �ÑÙc� »R» ) and increasingit for the
nodescloseto theleavesappearsto bequiteeffective, lead-
ing to a performancecloseto Ö&� �ÑÙc� »R» for smallamount
of adaptationdataandcloseto Ö�� � for largeramountof
adaptationutterances.

This heuristicis usedin the SMAPLR resultspresented
in Fig 5, along with MAP, MLLR and SMAP adaptation
results. Becauseof the limited amountof adaptationdata,
MAP performsquitepoorlysinceonly afractionof themod-
els areadapted.The MLLR resultsindicatea strongover-
fitting trend,especiallywhenusingasmallamountof adap-
tation data. Sinceby design,MLLR andSMAPLR useto
sametree,theregressionclassesandnumberof transforma-

# Adapt.Utt. 1 5 10 20 40
Not tuned 39.25 27.80 23.14 19.72 17.89
Tuned 25.95 21.84 21.57 18.41 16.55

Table 1: Averageword error rate for 2 MLLR settings: with
(Tuned)andwithout (Not tuned)fine selectionof the numberof
transformationmatrices.

tions areexactly the samefor thesetwo techniques.How-
ever, SMAPLR usestheadaptationdatain a moreefficient
wayandis ableto reducetheoverfittingbecauseof thehier-
archicalprior structure.TheSMAP algorithmwhich is also
basedonahierarchicalpriorstructureperformsverywell for
a largeamountof adaptationdata,andis slightly betterthan
the SMAPLR algorithm. However, for a small amountof
adaptationdata(1 and5 utterances),SMAPLR outperforms
SMAP, leadingto 26.02%and27.29%of WERrespectively
usinga singleadaptationutterance,comparedto 29.1%of
WERfor thebaseline(unadapted)system.

Regarding the comparison between MLLR and
SMAPLR, we should indicate that we did not try to
adjustthe numberof transformationsto get thebestrecog-
nition performance.It is likely thatby reducingthenumber
of transformationsfor smallamountof adaptationdata,the
MLLR performancecanbeimprovedandtheoverfittingcan
be reduced.This is illustratedin Table1 wherethe MLLR
experimentshave beenrerunfor a muchsmallernumberof
transformations.While theoverfitting canbeeliminated,it
still appearsthatMLLR adaptationwith a carefulselection
of the numberof transformationsdoesnot outperformed
an out-of-the box SMAPLR where no fine tuning of the
number of transformationshas been performed. This
illustrates the robustnessof SMAPLR over MLLR, for
which whenever the acousticmodelsare changed(or the
tree structureis modified) it is necessaryto readjustthe
threshold � to selectthe bestnumberof transformations.
Moreover, we have shown in [11] that a carefully tuned
MAPLR (with hierarchicalpriors) outperformsa carefully
tunedMLLR. For thesereasons,we believe thatSMAPLR
canoffer improvedperformanceandeasiertuning thanthe
standardMLLR.

4. CONCLUSION

A new adaptationtechniquecalledStructuralMaximum
a Posteriori LinearRegression,or SMAPLR,hasbeenpro-
posed.We have shown how thestandardMLLR technique
can be improved first by addingprior information regard-
ing the transformationparametersto constraintthe estima-
tion (leadingto the MAPLR algorithm), thenby addinga
hierarchicalstructureto thepriors(leadingto theSMAPLR
algorithm).Theadvantagesof thisstructuredprior informa-
tion is twofold. First, it providesa betteruseof the adap-
tationdatasincetransformationsarehierarchicallyderived,
the global transformationsbeingusedto constraintthe es-
timation of the morelocal transformations.Second,it sig-
nificantly reducestherisk of overfitting theadaptationdata.
Thiswasillustratedon thenon-nativespeakerpart(Spoke3)
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of the Wall StreetJournaltask. Significant advantageis
obtainedover MLLR and MAP adaptation. Comparedto
SMAP adaptation,SMAPLR providesa small but signifi-
cantimprovementfor very smallamountof adaptationdata
(1 and5 utterances)but their respective performancesare
statisticallyequivalentfor largeramountof data.Theseare
preliminaryresultsandfurtherwork is neededto studyand
understandbetterthepropertiesof thisnew adaptationtech-
nique.
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