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ABSTRACT

Many techniquesfor speaker adaptationhave beensuccessfully
appliedto automaticspeechrecognition.Thispapercomparesthe
performanceof several adaptationmethodswith respectto their
memoryneedandprocessingdemand.For adaptationof a com-
pactacousticmodelwith 4k densities,Eigenvoicesandstructural
MAP (SMAP) areinvestigatednext to thewell-known techniques
of MAP andMLLR adaptation.Experimentalresultsarereported
for unsupervisedon-lineadaptationon differentamountsof adap-
tationdatarangingfrom 4 to 500wordsperspeaker.

The resultsshow that for small amountsof adaptationdata
it might be more efficient to employ a larger baselineacoustic
modelwithout adaptation.Eigenvoicesachieve the lowestword
errorratesof all adaptationtechniquesbut SMAP presentsa good
compromisebetweenmemoryrequirementandaccuracy.

1. INTRODUCTION

Usingstateof the art speechrecognitiontechnology, speaker de-
pendentspeechrecognitionby far outperformsspeaker indepen-
dentrecognitionandwhenever possiblespeaker adaptationtech-
niquesareusedto closethegap.

However, speaker adaptationimposesadditionaleffort on an
applicationwith respectto both memoryand computationalre-
quirements.This is a severe problemespeciallyfor small com-
mandandcontrol recognizersfor which both resourcesare lim-
ited. A secondconsiderationhasto betheway speaker adaptation
maybeappliedin a commandandcontrol recognizer. In contrast
to e.g. a dictationapplication,speaker dependentsessionswith a
long prior enrollmentphaseareoften not feasible. A very short
enrollmentand/orfaston-line adaptationarenecessary, both re-
quiring adaptationtechniquesthat work on very little adaptation
data.

Looking into suitableadaptationtechniques,we may in gen-
eral distinguishfeature-basedadaptationtechniquesthat aim at
modificationor normalizationof therecognizerinput from model-
basedtechniquesthat modify parametersof the acousticmodel.
Vocal tract lengthnormalization[1] andtheuseof all-passtrans-
forms[2] shouldbementionedasprominentmethodsfor thefirst
category.

Focusingon model-basedtechniquesin this paper, we further
distinguishmethodsthat arebasedon modelselectionandthose
thatin generaluseatransformationto modify acousticparameters.

Selection-basedmethodsusea finite set of acousticmodels
for differentspeaker clustersandadaptationitself is performedby
eitherselectingthebestfitting setof parametersor by interpolat-

ing multiple bestsets[3]. Genderdependentmodeling[4] is the
mostsimplebut widely usedexampleof sucha method. Using
a selection-basedmethodin a speaker independenton-line sys-
tem, speaker consistentparsing[5] may be used. Especiallyfor
small systems,the resultingmemoryandcomputationaleffort is
however equivalentto simply increasingthenumberof modeling
parameterswithin the mixturesof the acousticmodel,a method
thatoutperformedmodelselection(genderdependentandspeaker
clusterdependentmodeling) in experimentswe previously per-
formedon thedatausedin thispaper.

Our focusthereforelies on transformation-basedadaptation,
startingwith standardMAP [6] andMLLR [7] adaptation.The
literaturereportsa numberof techniquesto meetthe severeper-
formancedegradationthesemethodssuffer for small amountsof
adaptationdata. As a first steptree-organizedregressionclasses
areusedin MLLR [7], however it still suffers from the fact that
theML paradigmis used,not takingprior knowledgeinto account.
Evenwhenusingregressionclasses,for many classesinsufficient
or nodatawill bepresentfor arobustestimationof transformation
parameters.The literaturethereforesuggestsa numberof meth-
odsto explorethedependency of modelingparametersusingprior
knowledgeto allow for adaptationof unseenparametersby pre-
dicting theirvaluesfrom theobservedones[8, 9].

HereweexploreEigenvoicesandStructuralMaximumA Pos-
teriori (SMAP)adaptation.

Eigenvoiceadaptation[9] usesaprincipalcomponentanalysis
in theparameterspaceto obtainprincipaldirectionsof parameter
changesto which parameteradaptationis restricted. An exten-
sionof theEigenvoiceapproachto generalMAP adaptationaswe
useit is given in [10]. StructuralMaximumA Posteriori(SMAP)
adaptationappliesa treestructureon thedensitiesto describethe
dependenciesbetweendensityparameters.SMAP wasfirst pro-
posedby ShinodaandLee in 1997. A detaileddescriptionby the
authorscanbefoundin [11]. An extensionof SMAPto SMAPLR
(notusedin thispaper)usinglineartransformations(asin MLLR)
is presentedin [12].

Thefollowing sectiondescribestheadaptationmethodsasap-
plied for theexperimentspresentedin thesectionsthereafter.

2. ADAPTATION TECHNIQUES

This sectiongivesa shortoverview of the investigatedadaptation
techniqueswith respectto theirmemoryrequirements.

In this paper we focus on adaptationof the means of
CDHMMswith onegloballytieddiagonalcovariancematrixusing
Viterbi alignmenton thebestrecognizedsentencehypothesis.Let
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2.1. MLLR

In maximumlikelihood linear regression(MLLR) [7], a density
mean� � is linearly transformedlike�� � ����� ����� �������� � � (1)

where �� � is theaugmentedmeanwith dimension� � 
 . Maximum
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The three matrices
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�B floats.

For MLLR with multiple regressionclasses,we needto store
a matrix

! "�E F
for eachclassG anda classindex for eachdensity.

If indicesof the observed densitiesare stored,only one matrix!#H
is neededandcanbe calculatedduring the adaptationstep.

Allowing to collect60 secondsof adaptationdataat a framerate
of 16ms,3750densityindiceshave to bekeptfor eachadaptation
step.Regressionclasstying requiresstorageof theclasstreeand
2 additionalmatricesfor temporarystorageof

! " � ! ) .
Thecomputationaldemandof MLLR adaptationis moderate.

For eachregressionclass,thesymmetric@A� � 
$B-IJ@A� � 
�B matrix! ) hasto beinverted.

2.2. MAP

For the systemconsideredhere, maximum a posteriori (MAP)
adaptation[6] boilsdown to a linearinterpolationof observedand
prior meanfor eachdensity:�� � ��� ���

� �� � �	K @A�
"�L 3 E �NM � � BO� (4)

where
� � is thethenumberof observationsof density � , and K a

parameterdescribingthe precisionof the prior mean. For MAP
adaptation,all observations are accumulatedon density level.
Therefore,acompletesetof densitymeansandobservationcounts
hasto be storedin additionto thecurrentandthe initial acoustic
model.

Thecomputationaldemandfor the actualMAP adaptationis
verysmallsincetheadapteddensitymeansaresimplyobtainedas
weightedsum.

2.3. Eigenvoices

Eigenvoice adaptation[9] is performedon the
� � dimensional

parametervector � , theconcatenationof all means� � . Basically,
theparametervectoris movedalongspecialdirectionsP Q (Eigen-
voices)whichrepresenta priori knowledgeaboutspeakervariabil-
ity: �� ��� � *�RQ5S 'UT Q P QV
 (5)

Eigenvoice adaptationcan be embeddedin an anisotropicMAP
framework [10] whereadaptationinto all directionsis allowedbut
Eigenvoicedirectionsarepreferred.

For Eigenvoice adaptationonly very few parametersneedto
beestimated,namelyonecoefficient T Q for eachEigenvoice.How-
ever, theestimationof thesecoefficientsis ratherexpensive. In ad-
dition to thedensityaccumulationasneededfor MAP (sec.2.2),

the Eigenvoiceshave to be storedor loaded. SinceeachEigen-
voice is a completesetof densitymeans,W EigenvoicesrequireW � � floatvalues.

To computetheEigenvoicecoefficients,a WJIXW matrix Y has
to becalculatedandinverted.Thecalculationof Y requiresaboutW[Z � � operations.If only the \ mostoftenobserveddensitiesare
usedto determineY , it is possibleto reducetheamountof opera-
tions. This is exactaslong asno morethan \ differentdensities
wereobserved,i.e. for little adaptationdata.

2.4. SMAP

Structural(hierarchical)MAP (SMAP) adaptation[11] exploits
prior knowledgeaboutthe model parametersin the form of hi-
erarchicalorganizationof densities.

Cluster mismatch

In SMAP adaptationthe mismatchbetweentraining andob-
servation data is explicitly modeled. We assumethat a cluster] �_^��-`���� ' ��
�
�
Oa of densitiesis given.Themaximumlikelihood
mismatchestimatebdcfe for the clusteris given by the observa-
tionsas

b cfe � * �$g:h
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The MAP mismatchestimate
�b for the clusterreducesto a

linear interpolationof the observed mismatch b cfe and a prior
mismatchbi` : �bj�

!
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where
! �n* �$g$h � � is thetotal numberof observationsof the

clusterand K is theprecisionof b(` .
Eachdensitymeanin theclusteris thenadaptedto compensate

for themismatch: �� � �o� ��� �bp�rqs�ut ] 
 (8)

Usuallyno prior informationaboutthemismatchbetweenthe
speaker independentmodelandtheobservedspeaker (e.g.gender)
is givenand bi`N��v . For individualdensities(noclustering),equa-
tions(7) and(8) thenbecomethestandardMAP adaptation(4).

Hierarchical priors

Now thedensitiesareassumedto beembeddedin a treestruc-
ture,whereeachnoderepresentsa densitycluster. Thebasicidea
of SMAP adaptationis to take themismatchestimateat a nodeas
theprior mismatchfor all childrennodes.For anode w of thetree,
themismatchestimateis thengivenas(cf. equation(7))
�b�@=w:Bm�

! @=w:B! @=w$B �kK @=w$B b c�e @=w$B �
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whereyi@=w$B denotestheparentnodeof node w . For theroot node,
theprior mismatchis setto zero.

The mismatchestimateof a density is thus obtainedas the
weightedaverageof all ML estimatesalongthepathfrom theroot
nodeto the respective leaf node. The weightsaredeterminedby
thenumberof observationsandby the K @=w$B .

Theoretically, K @=w:B is the precision of the prior estimate�b�@zyi@=w$B�B . As in MAP adaptationK @=w$B is taken to be an empiri-
cal parameterallowing to control theweightof theML estimates
at differenttreelayers.



Memory need

For eachtree node a mismatchvector and the observation
counthave to be stored. The treestructureitself requirespoint-
ers to the childrenand parentnodes. In addition to the density
accumulationasneededfor MAP, a treewith 3 childrenpernode
and
� �u{ nodes(

�
leaves)requires{ @A� � 
$B floatsand

� �f|�{
pointers,which is lessthan1 Eigenvoice.

Tree clustering

A suitabletree organizationof the densitiesis essentialfor
SMAP adaptation.Theroot nodecorrespondsto the “cluster” of
all densitiesandthechildrennodesthensuccessively describeden-
sity clusterswith lessdensitiesfor eachtreelevel. To obtainthe
full effectof MAP adaptationfor largeamountsof adaptationdata,
eachleafnodecorrespondsto onedensity.

For densityclusteringwe choosea bottom-upapproach.A
variancecriterionbasedonEuclideandistancesis usedasdistance
measure:The two clusterswith the smallestincreasein hetero-
geneityaremerged.After aspecifiednumberof successivemerges
of theclosestclusters,k-meansiterationsreassigneachdensityto
theclosestcluster.

For straightforward SMAP adaptationwith depth-depending
adaptationparametersK a treewith fixednumberof levels is con-
structed.Differenttreescanbeconstructedby varyingthenumber
of levels andthebranching.Eachnodehasa specifiednumber}
of branches(i.e. children),provided thereareat least } densities
at that node. At the lowesttreelevel above the leavesbranching
mightbegreaterthan } to obtainexactlyoneleaf for eachdensity.

To organizedensityclustersin a treewith a givennumberof
levels ~ andbranching} , thetreestructureis constructedtop-down.

3. EXPERIMENTAL SETUP

For experimentsweuseaninternaldatabasewith 162mainlynon-
nativeEnglishspeakersrecordedin anofficeenvironmentat8kHz.
Thenumberof males,females,boysandgirls is roughlybalanced.
Thedatabaseis split into 97speakersfor trainingand65for evalu-
ationwith about500words(235utterances)pertestspeaker. The
evaluationvocabulary of 152 wordscomprisesnumericalstrings
andcommandwordsfor audioandTV control.

For featureextractionthesamplesaregroupedinto framesof
32mswidth at intervalsof 16ms.After extracting12mel-cepstral
features,8 deltafeaturesareadded.Wemodel600triphoneswith
2600HMM states,23000Laplaciandensitiesaretrainedandclus-
tereddown to 4096 densities. One diagonalcovariancematrix
is sharedby all densities. For comparisonlarger acousticmod-
elswith 8k and16k densities(clusteredfrom 35000)aretrained.
Recognitionis performedwithoutnetwork or languagemodel,we
simplyapplyawordpenalty.

Unsupervisedon-line adaptationis carried out on different
amountsof adaptationdatarangingfrom 2 to all 235 utterances
per speaker. Resultsfor W utterancesare averagedover C���D��:W
evaluations.Silencedensitiesarenotadapted.

Theactualadaptationis alwaysperformedontheinitial acous-
tic modelusingall accumulatedobservations.Switchingonadap-
tationthusalwaysmeansthattwo setsof meansneedto bestored:
the initial andthe currentonewhich is usedfor decoding.From
thepoint of view of memoryconsumption,anadaptationmethod
shouldalwaysbeasaccurateasthe8k baseline.Table1 showsthe
memoryneedto storeall meansanddensitylinks of theacoustic
models.

MLLR adaptationis performedwith oneclassand40 classes
(regressionclasstying). Eigenvoiceswereobtainedby PCA of all
97trainingspeakers.For SMAPadensitytreewith abranchingof
3 and8 layers(includingroot) wasgrown, thelowest4 levelsare
usedfor adaptation.

ac.model #densities memoryneed WER[%]

4k 4096 500kB 
$C�
 CN��v�
 |
8k 8192 910kB 
�v-
 �N��v�
 �

adaptation 4096 820kB –

Table1: Memorydemandof acousticmodelsandon-lineadapta-
tion.

4. RESULTS

Figure1 shows theperformanceof theadaptationtechniques.For
4 wordsof adaptationdataEigenvoicesalreadyperformsignifi-
cantly betterthanthe 4k model (table1) but cannotbeatthe 8k
model.Even1 EigenvoiceoutperformsMAP, MLLR, andSMAP.
Adaptingon 10–40words,MAP andMLLR still show no signif-
icant improvementwhile SMAP achievesa relative gainof up to
7% andEigenvoiceseven of 17%. For adaptationon 200words,
all methodsexceptfor MAP areableto outperformthe8k model.
Notethat500wordscorrespondto only 5 minutesof speech.The
resultsof MAP, SMAP, andEigenvoiceadaptationshouldall con-
vergeasymptoticallyto thesame(i.e. ML) estimate.

SMAP always gives betterresultsthanMAP andMLLR. It
alsoachieves betterperformancethanoneEigenvoice if enough
adaptationdata is available. Better SMAP results for small
amountsof adaptationdatahavebeenreportedin [11]. Thismight
bedueto a moresuitabledensitytreeor a strongermismatchbe-
tweentrainingandevaluation.

Figures2 and3 show theperformanceof theadaptationtech-
niqueswith respectto memoryneedfor adaptationon 500and20
wordsrespectively1. While for 500wordsall adaptationmethods
easilyoutperformtheunadaptedacousticmodels,for 20wordsno
methodcanbeatthe unadaptedmodelsat the samememoryde-
mand. It canbeseenthatEigenvoicesneedthemostmemoryby

1The memory requirementsare estimatedtheoretically, assuming4
bytesfor afloatvalue,8 bytesfor apointer.
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Figure1: Worderrorratesfor differentamountsof adaptationdata.



far to achieve their high accuracy. SMAP adaptationpresentsa
goodcompromisebetweenmemoryneedandaccuracy.

Table2 shows thereal-timefactorsmeasuredasactualdecod-
ing time2. Sincethecodeis not highly optimizedwith respectto
memoryandspeedthis yields only a roughestimate.Due to the
increasednumberof distancecalculations,the8k modelis about
50% slower. Note that this differencewill decreaseif moreeffi-
cientdistancecalculationtechniquesareapplied.The increasein
CPUdemandwith thenumberof Eigenvoicesis moderate,adap-
tationwith 8 Eigenvoicesis still comparableto MLLR.

4k 8k MAP SMAP MLLR eigenvoices
4 8

0.63 0.93 0.64 0.64 0.71 0.70 0.74

Table2: Comparisonof real-timebehavior.
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Figure2: Performanceandmemorydemandfor adaptationon500
words.
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Figure3: Performanceandmemorydemandfor adaptationon 20
words.

5. SUMMARY

We have shown thatall investigatedadaptationtechniquescanbe
appliedsuccessfullyfor adaptationof a compactrecognizerwith
4k densities. Dependingon the amountof adaptationdataand
memoryor processorlimitationsdifferentadaptationmethodscan

2DIGITAL personalworkstation,500MHz.

be chosenor a better(bigger)acousticmodelmay often be used
asanalternative to adaptation.If lessthan10 wordsof adaptation
dataareavailable,a largeracousticmodeloutperformsadaptation
for all investigatedmethods.

For 10–40wordsof adaptationdatathebenefitsof properus-
ageof prior knowledgebecomeclearly visible. Eigenvoicesper-
form bestfor all amountsof adaptationdataandachieveby far the
bestresultsfor lessthan50 words.However, they alsorequirethe
mostmemoryandprocessingtime. SMAP adaptationpresentsa
goodcompromisebetweenmemoryneedandaccuracy.
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