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ABSTRACT

Transformation-baserthodel adaptationtechniquedike maxi-
mumllikelihoodlinearregressionMLLR) rely on anaccuratese-
lection of the numberof transformationdor a given amountof
adaptatiordata.lf too mary transformationareused thetransfor
mationparametersnay be poorly estimatedcanoverfit the adap-
tation data, and offer poor generalization.On the other hand, if
the numberof transformationss too small, the adaptedmodels
canonly provide a moderatdmprovementover the baselinemod-
els. An adaptatiorapproactshouldthereforebe flexible in order
to estimatereliably a large numberof transformationsvhen the
amountof adaptationdatais large, anda small numberof trans-
formationswhenonly a few adaptatiorutterancesireavailable.In
thiswork, we shawv thata significantimprovementcanbe obtained
over MLLR with dynamicregressiorclassesfirst by replacingthe
maximumlik elihoodestimationcriterionby a maximuma posteri-
ori criterion,thenby introducinga tree-structuréor the prior den-
sities of the transformations. The effectivenessof the proposed
approachs illustratedonthe Spole31993testsetof theWSJtask.
Using the sameregressionclassesasMLLR, it is shavn thatthe
proposedapproactreduceshe risk of overfitting and exploit the
adaptationdata much more efficiently than MLLR, leadingto a
significantreductionof the word error rate with aslittle asone
adaptatiorutterance.

1. INTRODUCTION

Model adaptationtechniquesare an efficient way to re-
ducespealer-relatedfluctuationsas well asacousticalen-
vironmentdiscrepanciethattypically occurbetweertrain-
ing andtesting of speechrecognitionsystemg1]. Under
this very generalfamily of techniquestwo broadclasse®of
approachesnamelyindirect and direct adaptationcan be
identified[2]. Indirectmodeladaptatiorapproachearetra-
ditionally transformation-baseechniquesvhereclusterof
model parametersre transformedthrough a sharedfunc-
tion F,,(-) whoseparameters) are estimatedrom a setof
adaptationdata. Suchapproachegan be consideredas a
global adaptationscenariosince all model parameters\ .
belongingto a commonclusterc are simultaneoushytrans-
formedto A, = F,_(A.). Dueto this sharing,all acous-

*Thiswork wasdonewhile T. A. Myrvoll wasonleave from theDepart-
mentof Telecommunicationd\lorwegian University of Scienceand Tech-
nology, Norway.

tic units canbe adaptedvhich makestransformation-based
adaptatioriechniquegspeciallyattractvein situationswvhe-
re only a limited amountof adaptationdatais available.
Whenthe transformationF;,(-) is an affine transformation
of hiddenMarkov model (HMM) meanvectorsestimated
usingmaximumlik elihood,this approactbecomeshewell-
known maximumlik elihoodlinear regression(MLLR) [3],
which has been successfullyapplied to spealer and en-
vironment adaptation. It should be noted however that
transformation-baseadaptatiortechniquegenerallysuffer
from poor asymptoticpropertieseadingto a quick satura-
tion in performanceas the amountof adaptationdatain-
creases.

Direct model adaptationtechniquesdo not assumeary
underlyingfunctionaltransformatiorbut attemptto directly
reestimatehe modelparameters Acousticunits for which
adaptatiordatais availablearereestimatedleadingto a lo-
cal adaptatiorsinceunseerunitsarenotmodified. Themost
representatie approachin direct adaptationis Bayesian
learning, often implementedvia maximum a posteriori
(MAP) estimation[4, 5]. MAP adaptationcombinesun-
derawell definedmathematicalormulationtheinformation
providedby the adaptatiordatawith someprior knowledge
aboutthe model parametersiescribedby a prior distribu-
tion. A fundamentapropertyof MAP adaptatioris its nice
asymptoticcorvergenceto maximumlik elihood estimation
whenthe amountof adaptatiordataincreasesThis corver
genceis however fairly slov anda large amountof adap-
tation datais neededo obsere a significantperformance
improvement.

Recentworks have beenfocusedon taking advantageof
both directandindirectadaptatiorapproachesA straight-
forward techniqueconsistsof applyingan indirect adapta-
tion methodfollowedby a directadaptationasin [6] where
a MLLR-lik e transformationis followed by MAP adapta-
tion. Suchatechniquecanbefurtherrefinedby jointly rees-
timating the model and transformationparametersising a
commonMAP estimationcriterion,asdonein [7], andhas
beenshowvn to outperformMAP andMLLR for smalland
large amountof adaptationdata. Otherapproachesntend
to provide additionalinformationto constraintthe adapta-



tion procedure.In transformation-basechodel adaptation,
this additionalinformationcantake the form of a prior dis-
tribution of the transformationparametersyhich is then
usedto constraintthe estimationvia the useof a MAP cri-
terion[8, 9, 10, 11]. For example,thetraditionalMLLR al-
gorithm can be reformulatedundera Bayesianframework
by introducing a prior distribution for the affine transfor
mationmatricesleadingto the MAPLR algorithm[10, 11].
Additional information can also be provided by a proper
structuring of model parameterstransformationparame-
ters and prior densitiesas in the structural MAP formu-
lation (SMAP) [12, 13]. In SMAPR, the model parameters
areorganizedn atreecontainingall the Gaussiardistribu-
tions. Eachnodein thattreerepresenta clusterof Gaussian
distributionssharinga commontransformatiorrepresenting
the mismatchbetweertraining andtestingconditions. The
transformatiorparameterarerepresentedtly their probabil-
ity densityfunctionsusing hierarchicalpriors. Becauseof
this highly constrainedstructure efficient adaptatiorcanbe
obtainedwhenonly a limited amountof adaptatiordatais
available,while still preservinggoodasymptoticproperties
asthesizeof adaptatiordataincreases.

This paperis a naturalextensionof the SMAP approach
to amorecomple classof transformationpamelyanaffine
transformatiorof the meanvectors,similar to the transfor
mationusedin MLLR. Prior densitiesfor the transforma-
tion matricesarehierarchicallystructuredn atree,andthe
transformatiommatricesarederivedusingamaximuma pos-
teriori criterion. For that reason,the proposedapproach
is called StructuralMaximum A PosterioriLinear Regres-
sion,or SMAPLR. Becauseof the useof structuredpriors,
SMAPLR is expectedto leadto a fastadaptationreduce
risk of overfitting, and improve corvergencecomparedto
MLLR. SMAPLRis alsoexpectedo outperformSMAP due
to themorecomplex transformatiorfamily.

Theproposedpproacthasbeenevaluatedonthe Spoke3
part (non-natve spealers) of the Wall StreetJournaltask,
andcomparedo severalstandarchdaptatiortechniquesik e
MAP, MLLR andSMAP. The paperis organizedasfollows.
Section2 describegshe SMAPLR algorithm, experimental
resultsaregivenin section3, andsection4 summarizesur
findings.

2. STRUCTURAL MAXIMUM A POSTERIORI
LINEAR REGRESSION

General principle

Thissectiongivesaninformaldescriptiorof thestructural
MAPLR algorithm.Thetree-basedLLR algorithm[19] is
first reviewed, outlining potentialdravbacksand the need
for additionalinformationto constrainthe estimation. We
argue that this additionalinformation canbe derived from
thetreestructure,andincorporatednto the estimationpro-
cessusing a Bayesianapproacheadingto the SMAPLR
algorithm.

Tree-basedLLR algorithm A crucial problem in
transformation-baseddaptations to definethe clustersof
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Estimation in node i Wi = argmax p(Yi | Wi\ )
Yi : adaptation data in node i

Figure 1: Tree-basedILLR algorithm. The cutis definedbased
ontheamountof adaptatiordataavailablein eachleaf. A transfor
mation matrix is derived for eachnodealongthe cut. Eachleaf
node inherits the most specifictransformationmatrix derived at
eachcut-node andthe correspondingsaussiardensityis adapted.

HMM parametershatwill shareacommontransformation.
We will assumethat the transformation-baseddaptation
techniqueas MLLR, but the following discussioris general
enoughto bevalid for ary transformation-baseadaptation
technique.

In earlyMLLR works,the clustersalsocalledregression
classesare definedbasedon broad phoneticclasseq15],
following the motivation is that similar classesof sounds
shouldundegothe sametransformation Theseclustersare
however definedstatically which significantlylimit the ef-
fectivenesf the adaptatioralgorithmandleadto anearly
saturationof the adaptedsystemaccuray asthe amountof
adaptatiordataincreases.

This problemcanbe addressedby dynamicallycontrol-
ling the numberof transformationclustersbasedon the
availableamountof adaptatiordata. Sinceit is reasonable
to assumethat acousticunits which are acousticallyclose
to eachother shouldsharethe sametransformationthese
acousticunitscanbesstructuredn atree,anddefiningtrans-
formation classesconsistsof selectinga set of nodeson
which to associate transformation. This is the approach
followedin [19], andillustratedin Fig 1. In thistypical im-
plementatiorof MLLR, atreestructureis first determined,
whoseleavesarethe Gaussiarprobability densityfunctions
(pdf) of the continuousdensityHMMSs. As the adaptation
datais collectedand alignedagainstits transcriptiord, the
sufficient statisticsfor eachGaussiarpdf are accumulated.
A “cut” (setof nodes)is thendefinedsuchthat eachsub-
treealongthe cut containsa numberof frameslarger than
apredeterminedhresholdr. A transformatioris thenasso-
ciatedto eachnodealongthe cut, andcanbe derived using
for examplemaximumlikelihood estimationasin MLLR.
We shouldpoint outthatthecutis obtainedusinga bottom-
up approachso that the transformationassociatedo each
cut nodeis the mostspecifictransformatiorto apply on the
Gaussiardensitiedying at the leavesof the corresponding

Lassumingor simplicity a supervisechdaptatiorscenario.



w4 w4 W5

W5 W1  W1wl w1
Estimation in node i: Wi = argmax p(Yi | Wi\ ) p(Wi)
Yi : adaptation data in node i

Figure 2. Tree-basedMAPLR algorithm. As is MLLR, the cut
is definedbasedn theamountof adaptatiordataavailablein each
leaf. Assumingthataprior densityp(W;) is availablein eachnode
1 alongthecut, thetransformatiomatricesW; areestimatedising

aMAP criterion: W; = argmax p(Y;|W;, A)p(W;), whereY;
denoteghe adaptatiordataavailablein nodes.

subtree.If the amountof adaptatiordatais very small, the
cutwill lie neartherootnodesinceonly nodedocatedatthe
higherlevel of the treewill gatherenoughadaptationdata
to definea transformationclass. As the amountof adap-
tation dataincreasesthe cut will slowly move toward the

leafnodes)eadingto moreandmoretransformatiorclasses.

The compleity of the transformationss thereforedynami-
cally controlledbasedon the sizeof adaptatiordataandthe
thresholdr.

In orderto getthe bestadaptatiorperformancea careful
selectionof the thresholdr is required. If 7 is too small,
too mary transformatiorclustersmight be defined,leading
to modeltransformationghatoverfit the adaptatiordata. If
T is too large, the numberof transformationsnight be to
small,leadingto limited improvementin recognitionaccu-
racy comparedo the baselinesystem Moreover, therecog-
nition accuray is quite sensitve to smallchangesn the lo-
cationof thecutwhich cangenerateadicallydifferenttrans-
formationclusters.

Addingtransformatiorpriors To handle some of the
problemsmentionedin the previous subsectionthe esti-
mation of the transformationin eachcut-nodecanbe con-
strainedby using a MAP estimationcriterion ratherthan
the usualmaximumlikelihood. This is the basicidea be-
hind the MAPLR algorithmwhich simply replaceshe ML
criterion by MAP in the MLLR formulation[10, 11]. For
eachcut-node, it is assumedhat a prior distributior? of
the transformatiormatrix is available, which helpsgetting

a morereliable estimateof the transformationparameters.

This is illustratedin Fig. 2, wherethe transformationma-
tricesalongeachcut node: arenow estimatedusingMAP,
giventheprior densityp(W;) constrainingheestimationin
eachnode.

This prior informationprovidesanadditionalway to con-

2Thereadershouldkeepin mind thatthe prior distribution we mention
henceforthis the prior distribution of the transformationmatrix, not the
prior distribution of the HMM parameters.

trol theadaptationSupposinghatthe prior hasavery small
variance,it meansthat whatever adaptationdatais avail-
able, the estimatewill be conditionedmainly by the prior
information. A “good” prior informationis thereforeable
to control, to someextend, the overfitting of the adaptation
algorithm.

An importantissuein theMAPLR formulationis to deter
mineanestimateof theprior distributionp(W;) in eachcut-
node.Thesolutionadoptedn [10, 11] is to derive the prior
distribution directly from the spealer independentnodels.
Despiteproviding improvedresultsover MLLR, especially
on an incrementalunsupervisegdaptatiortask,aswell as
reducingthe sensitvity to the numberof transformations,
thisis avery crudeandad-hocapproachunableto provide
very accurateprior information. This issueis addressedh
thenext section.

Adding structureto thetransformatiorpriors In thepre-
vious sectionsthe treeis only usedto definethe transfor
mationclusters. All transformationsW; alongthe cut are
estimatedndependenthyf eachother usingthe dataavail-
ablein the correspondingubtree. For example,in Fig. 2,
the datalying in the subtreeof node4 usedto estimatew,
doesnot affectin arny way the estimationof Wi.

Suppose&ow thatatransformatioris estimatedn node2,
the parentof nodes4 and5. It is quitelikely thatthetrans-
formationderivedin node2 canprovide someusefulinfor-
mationto constraintthe estimationits child nodes thereby
introducinga dependengin the estimationof W, andWj
via their parentnode.

An attractve way to introducethis constraintfrom the
parentnodeis to useBayesianstatistics. Given a prior in-
formationp(W>) in node2 and someadaptatiordata¥s,
theposteriordistributionof W, canbederived: p(W|Y3).
Then,it is possibleto definetheprior distributionin thechild
node4, p(Wy), asp(W4) = p(W3|Y3) andcarryout the
MAP estimationof W .

This processcan be startedat the root nodeand is il-
lustratedin Fig. 3. Startingfrom an initial prior density
p(W1) centeredat an identity transformationp(Wy|Y1)
is estimatedaindusedasprior densityin theimmediatechild
nodes. This prior/posteriorinformation is propagatedis-
ing the sameprinciple down to eachnode along the cut,
wherea MAPLR estimationof the transformationss then
performed.

Since eachnodealong the cut inheritsits prior density
p(W) from the posteriordensityof its parentp(W|Y), the
estimationin a given cut-nodeis constrainedria the poste-
rior densitiesp(W;|Y;) derived in eachnodeon the path
from the root nodeto the currentnode. Sucha structural
constrainprovidesanattractve wayto controlthecomplex-
ity of the adaptatiorbeingmuchlesssensitve to the loca-
tion of thecutandthereforeto afine tuningof thenumberof
transformationslf only a smallamountof adaptatiordata
is available,posteriordistributionscanstill bereliably esti-
matednearthe top layersof the tree,andarelessandless
modified as they are propagatediown the treeto the cut-
nodes. That preventsoverfitting even if the cut is located
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Estimation in node i along the cut:
Wi = argmax p(Yi | Wi ) p(Wi)
with p(Wi) = p(Wj | Yj) where jis the parent node of i

Figure3: Tree-base&MAPLRalgorithm.Theadaptatiordataas-
sociatedo anodei is denotedY ;. Thecorrespondingrior density
is denotedp(W;). For eachnode: of parentj, the prior density
p(W;) is definedasp(W;|Y;).

closeto the leaf nodessincethe prior informationhasbeen
obtainedrom thetopnodes.Ontheotherhand,asmoreand
moreadaptatiordatais available,theprior densitiesareget-
ting moreandmorerefinedasthey arepropagatediown the
tree,andcanthereforeprovide morelocal transformations.
A direct consequencef this behaior is that SMAPLR

canaccommodata cutthatcanbeplacedmuchlowerin the
treecomparedo MLLR, sincethe compleity of thetrans-
formationscanbe controlledby the prior structure. More-

over, the SMAPLR adaptationmalkes a betteruse of the
adaptationdatathan MLLR sincethe transformationsare
constrainedrom therootnodeto thecutnodesandis there-
foreexpectedo outperformMLLR. Thenext sectiongivesa
moreformal descriptionof the SMAPLR algorithm,andfo-

cusespeciallyon the propagatiorof the prior/posteriorden-
sity in thetree.

Structural MAPLR algorithm

Thereare basicallytwo relatedissuesin the SMAPLR
algorithm. Thefirst oneis to derive anestimateof thetrans-
formationmatrix ateachcut-nodesaccordingto a MAP cri-
terion,while the secondoneis to approximatehe posterior
distribution of the transformationmatrix given the adapta-
tion datain eachnode. In orderto addresgheseissues,
somenotationsshouldfirst be introduced.Then,we briefly
describethe MAP estimation,which is nothing more than
the MAPLR algorithm[10, 11], andfinally we describethe
hierarchicaderivationof the prior densities.

Model andtransformatiordescription We adoptin this
paperthe samenotationsasin [10]. The setof HMM pa-
rameterss denotedA = {wn,m; Uy ms Rin,m } Wherewn, i,
Ky @NARy, 1, representhe mixtureweight, meanvector
andprecisiorf matrix of themth mixture componentn the
staten, with u,, ., € R? andR,, ., € RP*P. In agivenstate
n, the distribution of an acousticvectory is modeledwith
M Gaussiammixtures:

M
p(y|s = TL) = Z wn,mN(y; Hnmo Rn,m): (1)
m=1

3Theprecisionmatrixis definedasthe matrix inverseof the covariance.

whereN (y; i, > Rn,m) is @Normal distribution of mean
Hom andprecisionmatrix R, ,,, definedas:

N5 o Bnym)

1
|Rn,m|1/2 - €Xp {_5(}' - p‘n,m)lRﬂ,m(y - p‘n,m)} -
(2)

Regardingthemodeladaptationywe assumé¢hatthemean
vector of a Normal distribution is transformedby apply-
ing an affine transformationdefinedby the parameterset
n = {A, b} whereA isap x p transformatiormatrixandb
is atranslatiorvector As usuallydonein the MLLR formu-
lation, we will prefera morecompactotation,n = {W},
whereW = [A,b]isap x (p + 1) matrix:

Brpm =Ap, ., +b or equivalently
’ . 3)
=W, 1,

wheref,, ,, is theextendedneanvectordefinedasp,, ,,, =
(11,1 1]

MAPLR algorithm Let usassumehatwe wantto esti-
matethe transformationmatrix W' in a given nodeof the
tree, given someadaptatiordataY. The MAP estimation
problemcanbe simply written asfollows:

A

W = argmaxp(W|Y, A)
w

(4)
o argvglaxp(YlVV, A)p(W),

wherep(W) is the a priori distribution of the transforma-
tion matrix W. This correspondso the MAPLR adaptation
algorithm[10]. A convenientprior distribution family for

p(W) is the matrix variate Normal distribution, a matrix

versionof the multivariateNormal distribution, definedas
follows[17]:

p(W) oc [B|~FHD/2|@|7/2.

exp {—% tr(W — M)~ H(W — M)<I>_1} , (5)

whereM, X, and® arethe hyperparameter®r thatdistri-
bution family, with M € RP*(#+1) 33 ¢ RPX? 2 > 0, and
& ¢ Ret)x(+1) @ > 0. To distinguishthis prior density
family from our genericpdfs’ notation,p(-), let us repre-
sentthe matrix variateNormal densityby g(W; ¥) where
¥ = {M, X, &} is the setof hyperparameters.

Given this prior distribution, the MAP estimationprob-
lem canbe solvedunderclosedform via the EM algorithm.
Underits mostgeneraformulation(full transformatiorma-
trix andfull prior hyperparametersjhe derivationleadsto
a systemof p x (p + 1) linear equationswhosesolution
is the desiredtransformatiommatrix. Full detailsaregiven
in [10, 11.

Hierarchicalprior derivation The SMAPLR algorithm
relieson the ideathat the posteriordistribution in a given
nodeis usedasprior distribution in its child nodes.In order




to carryoutthe MAPLR estimationin eachnodeof thetree,
it is essentiato usea prior distribution belongingto thema-
trix variateNormaldensityusedin theMAPLR formulation.
However, the posteriordistribution of W giventhe adapta-
tiondataY, p(W|Y), doesnotbelongto the g(W; ¥) fam-

ily, asillustratedbelow, whereS = {s;} andL = {l;} is

the stateandmixturesequencassociatedo the obsenation

sequenc& = {y:}:

YW, A)g(W;¥)

p(Y[A)
— ES EL p(Y,S,LIA, W)g(W; ¥)
p(Y[A)

p(W[Y,A) =

(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 true posteriordistribution p(W|Y, A) by its
“closest” (i.e. in the Kullback-Leiblersense)distribution
g(W; ®) from thematrix variateNormal prior family. This
is howeveravery complex problemwith no closed-formso-
lution andanalternatie solutionis required.

As the amountof adaptationdataincreasesthe poste-
rior distribution p(W|Y, A) getsmore and more concen-
tratedaroundits mode,dueto the dominantcontribution of
thelikelihood. It becomeghereforereasonabléo approxi-
matethe true posteriordistribution p(W|Y, A) by a distri-
butionfrom thematrix variateNormalfamily g(W; ¥) hav-
ing the samemode.Hence the problemreducego deriving
themodeof the posteriordistribution p(W|Y, A), whichis
nothingmorethanthe MAPLR estimateof the transforma-
tion matrixdescribedttheprevioussection.Leti beagiven
nodeand; be oneof its child node. LetY; be the adapta-
tion dataavailablein the nodei andW; the corresponding
MAPLR estimateof the transformationrmatrix. The prior
densityp; (W) simply approximatehetrue posteriordistri-
bution p;(W|Y;) by a distribution from the matrix variate
Normal densityhaving W; asmode,in otherwords such
thatM = W;. Sincethereis an infinity of suchdistribu-
tions having W; asmode,we will assumeasa simplifica-
tion thatthe otherhyperparametersiamely{X, ®} arenot
modified.

Thewhole SMAPLR adaptatioralgorithmcantherefore
be summarizedsfollows:

1. Startwith aninitial prior distribution from the matrix
variateNormal densityattheroot node.

2. Explorethe tree in a breadth-firstmanner For each
nodej of parenti:

(a) Setthe hyperparameteM; of the prior distribu-
tion to the MAPLR estimateW; derivedin the
parentnode:

(b) Derivethe MAPLR estimateW ; giventhe adap-
tationdataY ; associatedo nodej

(c) If j is aleaf node,apply the transformationW ;
to thecorrespondingsaussianpdf

As aresult,all Gaussiarpdfs areadaptedregardlesof the

amountof adaptatiordata. If little adaptatiordatais avail-

able thepriorsatthetopof thetreehaveadominantoleand
getpropagatediown thetreeto thecut-nodeswithoutbeing
significantlymodifiedfrom layerto layer. As theamountof

adaptationincreasesthe adaptatiorschemeds ableto take

full advantageof theinformationprovidedby theadaptation
datawhile still benefittingfrom hierarchicallyderived prior

densities.

3. EXPERIMENTSAND RESULTS

Database and System description

The proposedadaptationalgorithm is evaluatedon the
non-natve spealer adaptatiorpart (Spoke3, November93)
of the Wall StreetJournal(WSJ)task. The Spoke3 data
consistsof 5K-word readWSJdatacollectedfrom 10 non-
native spealers of AmericanEnglish. Eachspealer pro-
vided 40 utterancedor fastmodeladaptatiorand 40 utter
ancedor testing.

A standardMel frequeng cepstralcoeficient (MFCC)
front-endis usedto createa featurevector of 39 compo-
nents, consistingof 12 MFCC componentplus the log-
enegy termandtheir first andsecondderivatives. Cepstral
meannormalizationis appliedon eachsentence.

The SI-84 training set (WSJ0)is usedto build baseline
triphone HMMs using the phoneticdecisiontree statety-
ing algorithmdescribedn [14]. The standardrigram lan-
guagemodelprovidedby NIST for the WSJcorpusis used
in all experiments togetherwith a 5K-word lexicon auto-
matically generatedising a generalEnglish text-to-speech
system[18].

Experimental results

Adaptation experimentsare carried out in supervised
modé¢, for variousamountof adaptationutteranceg1, 5,
10, 20 and 40 utterances).For eacheachtestspealer and
adaptatiorconfiguration the adaptednodelsare saved and
usedto runrecognitionon the correspondingestdata.Vari-
ousadaptationtechniquesreusedandcomparedo thepro-
posedSMAPLR framawork, includingMAP adaptatior5],
MLLR adaptation[3] and SMAP adaptatior{13]. In each
casethe HMM meanvectorsarethe only parameterso be
adaptedBoth SMAPLR andMLLR usefull transformation
matrices.

The tree of Gaussiandensitiesneededby the MLLR,
SMAPLR and SMAP algorithmis built from the baseline
spealer independentHMMs using the algorithmdescribed
in [13], slightly modifiedto getamorebalancedree.

Ratherthanadjustingandspecifyingexplicitly the num-
ber of transformatiommatrices(regressionclassesusedby
MLLR for eachsizeof adaptatiorutterancesthe numberof
transformatiormatricesis determinedusingthe tree based

4Supervisechdaptatiormeanshat the text transcriptionof the adapta-
tion datais known



on the amountof adaptatiordataavailablein eachnode,as
in [19]. Thenumberof transformationss thereforedynami-
cally controlledusinga singlethresholdspecifyingthe min-
imum numberof framesrequiredin eachnodeto definea
regressiorclass. This strat@y is alsousedin the SMAPLR
experiments,meaningthat the sameregressionclassesare
usedby MLLR andSMAPLR, the differencebeingthatthe
SMAPLR transformationsare hierarchicallyderived from
therootnodeusinga MAP criterion.

SMAPLR adaptationis controlledby theinitial prior den-
sity p(W) attheroot node. We choosep(W) suchthatits
modeM representsinidentity transformationM = [I 0].
Thescaleof theprior distribution p(W) is controlledby the
two hyperparameter® and®. Wefix & to theidentity ma-
trix, @ = I, asdonein [10, 11]. X is setto a scaleddentity
matrix, ¥ = C - I sothatthe scalingis only controlledby a
scalarcoeficient C.

In afirst seriesof experimentstheinfluenceof thescaling
factorC is studied.C is usedto controltheinitial weightof
the prior information comparedo the weight of the adap-
tation data. For a given amountof adaptationdata,as C

decreaseghe influenceof the prior informationincreases.

Ontheotherhand,asC increasestheinfluenceof the prior
information decreasesnd the estimateof the transforma-
tion matricesrelies mainly on the adaptationdata. At the
limit, if C is setto infinity, the prior informationvanishand
SMAPLR corvergesto MLLR; if C is setto 0, the estimate
of W becomesqualto themodeM of theinitial prior dis-
tribution andis anidentity transformationTheinfluenceof
C isillustratedin Fig. 4 wherethe averageword error rate
(WER) is givenfor variousamountof adaptatiordata,with
C=10C= 4 andC = ;. If toolittle weightis given
to the prior information(C' = 1), the estimatedransforma-
tionsmayoverfit theadaptatiordata,asillustratedwhenus-
ing a singleadaptatiorutterance.By increasinghe weight
of theprior (C = 1/100), the estimatedransformationsire
constrainedy the transformationdying nearthe root node
of the tree, reducingthe risk of overfitting. On the other
hand,for a large amountof adaptatiorutterancessay 40,
a strongprior information(C' = 1/100) may be detrimen-
tal sinceit is constrainingthe transformatiorestimategoo
muchwith the estimatesderived nearthe root node. It is
reasonabléo adjustthe scalingfactorC' basedon thedepth
of thetree. A simpleheuristicconsistingof settinga small
C attheroot note (C = 1/100) andincreasingit for the
nodescloseto the leavesappeargo be quite effective, lead-
ing to aperformanceloseto C = 1/100 for smallamount
of adaptatiordataandcloseto C' = 1 for largeramountof
adaptatiorutterances.

This heuristicis usedin the SMAPLR resultspresented
in Fig 5, alongwith MAP, MLLR and SMAP adaptation
results. Becauseof the limited amountof adaptatiordata,
MAP performsquitepoorly sinceonly afractionof themod-
elsareadapted.The MLLR resultsindicatea strongover-
fitting trend,especiallywhenusinga smallamountof adap-
tation data. Sinceby design,MLLR and SMAPLR useto
sametree,theregressiorclassesandnumberof transforma-

#Adapt.Utt. 1 5 10 20 40
Nottuned  39.25 27.80 23.14 19.72 17.89
Tuned 25.95 21.84 2157 18.41 1655

Table 1: Averageword error rate for 2 MLLR settings: with
(Tuned)and without (Not tuned)fine selectionof the numberof
transformatiormatrices.

tions are exactly the samefor thesetwo techniques.How-

ever, SMAPLR usesthe adaptatiordatain a moreefficient

way andis ableto reducethe overfitting becausef thehier

archicalprior structure.The SMAP algorithmwhichis also
basednabhierarchicaprior structureperformsverywell for

alargeamountof adaptatiordata,andis slightly betterthan
the SMAPLR algorithm. However, for a small amountof

adaptatiordata(1 and5 utterances)SMAPLR outperforms
SMAPR, leadingto 26.02%and27.29%o0f WER respectiely

using a single adaptatiorutterance comparedo 29.1% of

WER for the baselinglunadapted}yystem.

Regarding the comparison between MLLR and
SMAPLR, we should indicate that we did not try to
adjustthe numberof transformationso getthe bestrecog-
nition performancelt is likely thatby reducingthe number
of transformationgor smallamountof adaptatiordata,the
MLLR performanceanbeimprovedandthe overfittingcan
bereduced.This s illustratedin Table1 wherethe MLLR
experimentshave beenrerunfor a muchsmallernumberof
transformations While the overfitting canbe eliminated,it
still appearghatMLLR adaptatiorwith 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
thresholdr to selectthe bestnumberof transformations.
Moreover, we have shavn in [11] that a carefully tuned
MAPLR (with hierarchicalpriors) outperformsa carefully
tunedMLLR. For thesereasonswe believe that SMAPLR
canoffer improved performanceand easiertuning thanthe
standardMLLR.

4. CONCLUSION

A new adaptationtechniquecalled StructuralMaximum
a Posteriori Linear Regressionpr SMAPLR, hasbeenpro-
posed.We have shavn how the standardVILLR technique
can be improved first by adding prior information regard-
ing the transformatiorparameterso constraintthe estima-
tion (leadingto the MAPLR algorithm), then by addinga
hierarchicalstructureto the priors (leadingto the SMAPLR
algorithm). Theadwantage®f this structuredorior informa-
tion is twofold. First, it providesa betteruseof the adap-
tation datasincetransformationsre hierarchicallyderived,
the global transformation$eing usedto constraintthe es-
timation of the morelocal transformations.Second;t sig-
nificantly reducegherisk of overfitting the adaptatiordata.
Thiswasillustratedon thenon-natve spealer part(Spoke3)



Spoke3 task - Average WER after SMAPLR adaptation
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Figure4: Averageworderrorrate(WER)in % for SMAPLR adaptatiorfor variousamountof adaptatiorutterancesndC = 1,C = 1/10
andC = 1/100. Thebaselinegperformancdunadaptednodels)is alsogiven.

Spoke3 task - Average WER after MAP/MLLR/SMAPLR adaptation
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Figure 5: Averageword error rate (WER) in % for MAP, MLLR, SMAP, and SMAPLR adaptatiorfor variousamountof adaptation
utterancesThebaselingperformancgunadapteanodels)is alsogiven.



of the Wall StreetJournaltask. Significantadwantageis
obtainedover MLLR and MAP adaptation. Comparedto
SMAP adaptation SMAPLR providesa small but signifi-
cantimprovementfor very smallamountof adaptatiordata
(1 and5 utterances)ut their respectie performancesre
statisticallyequialentfor largeramountof data. Theseare
preliminaryresultsandfurtherwork is neededo studyand
understandbetterthe propertiesof this new adaptatiortech-
nique.
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