A COMPARATIVE STUDY OF MODEL-BASED ADAPTATION TECHNIQUESFOR A
COMPACT SPEECH RECOGNIZER

Frank Thiele, Rolf Bippus

PhilipsResearct.aboratories
Weisshausstras@ D-52066Aachen Germary
Frank.O.ThieleRolf.Bippus@philips.com

ABSTRACT

Mary techniquedor speakr adaptationhave beensuccessfully
appliedto automaticspeecltrecognition.This papercompareshe

performanceof several adaptationrmethodswith respectto their

memoryneedand processinglemand. For adaptatiorof a com-

pactacousticmodelwith 4k densities Eigervoicesandstructural
MAP (SMAP) areinvestigatechext to thewell-known techniques
of MAP andMLLR adaptation Experimentafesultsarereported
for unsupervisedn-line adaptatioron differentamountsof adap-
tationdatarangingfrom 4 to 500wordsperspealer.

The resultsshav that for small amountsof adaptationdata
it might be more efficient to emplg/ a larger baselineacoustic
modelwithout adaptation. Eigervoicesachieve the lowestword
errorratesof all adaptatiortechniquedut SMAP presents good
compromiséetweermemoryrequiremenaindaccurag.

1. INTRODUCTION

Using stateof the art speechrecognitiontechnology speakr de-
pendentspeechrecognitionby far outperformsspeakr indepen-
dentrecognitionandwheneer possiblespeakr adaptatiortech-
niguesareusedto closethegap.

However, spealker adaptatiorimposesadditionaleffort on an
applicationwith respectto both memoryand computationalke-
quirements. This is a severe problemespeciallyfor small com-
mandand control recognizerdor which both resourcesare lim-
ited. A secondcconsideratiornasto betheway speakr adaptation
may be appliedin acommandandcontrolrecognizer In contrast
to e.g. adictationapplication,speakr dependensessionsvith a
long prior enrollmentphaseare often not feasible. A very short
enrollmentand/orfast on-line adaptatiorare necessaryboth re-
quiring adaptatiortechniqueghat work on very little adaptation
data.

Looking into suitableadaptatiortechniqueswe mayin gen-
eral distinguishfeature-base@daptationtechniquesthat aim at
modificationor normalizatiorof therecognizeinputfrom model-
basedtechniqueghat modify parameter®f the acousticmodel.
Vocaltractlengthnormalization[1] andthe useof all-passtrans-
forms[2] shouldbe mentionedasprominentmethoddor thefirst
category.

Focusingon model-basedechniquesn this paperwe further
distinguishmethodsthat are basedon modelselectionandthose

thatin generaliseatransformatiorio modify acoustiqgparameters.

Selection-basedethodsusea finite setof acousticmodels
for differentspeakr clustersandadaptatioritself is performedby
eitherselectingthe bestfitting setof parametersr by interpolat-

ing multiple bestsets[3]. Genderdependenmodeling[4] is the
most simple but widely usedexample of sucha method. Using
a selection-basednethodin a spealkr independenbn-line sys-
tem, speakr consisteniarsing[5] may be used. Especiallyfor

small systemsthe resultingmemoryand computationakffort is

however equivalentto simply increasinghe numberof modeling
parametersvithin the mixturesof the acousticmodel, a method
thatoutperformednodelselectiongenderdependenandspealker
cluster dependentmodeling)in experimentswe previously per

formedonthedatausedin this paper

Our focusthereforelies on transformation-baseddaptation,
startingwith standardVAP [6] and MLLR [7] adaptation. The
literaturereportsa numberof techniquesto meetthe severe per
formancedegradationthesemethodssuffer for small amountsof
adaptatiordata. As a first steptree-oganizedregressionclasses
areusedin MLLR [7], however it still suffers from the fact that
theML paradigmis used hottakingprior knovledgeinto account.
Evenwhenusingregressiorclassesfor mary classesnsuficient
or nodatawill bepresenfor arobustestimatiorof transformation
parameters.The literaturethereforesuggestsa numberof meth-
odsto explorethedependencof modelingparametersisingprior
knowledgeto allow for adaptationof unseerparameterdy pre-
dicting their valuesfrom theobseredones|8, 9].

Herewe exploreEigervoicesandStructuraMaximumA Pos-
teriori (SMAP) adaptation.

Eigervoiceadaptatiorf9] usesaprincipalcomponenanalysis
in the parametespaceo obtainprincipal directionsof parameter
changedo which parameteladaptationis restricted. An exten-
sionof the Eigervoiceapproacho generaMAP adaptatioraswe
useit is givenin [10]. StructuralMaximumA Posteriori(SMAP)
adaptatiorappliesa treestructureon the densitieso describethe
dependenciebetweendensity parameters. SMAP wasfirst pro-
posedby ShinodaandLeein 1997. A detaileddescriptionby the
authorscanbefoundin [11]. An extensionof SMAPto SMAPLR
(notusedin this paper)usinglineartransformationgasin MLLR)
is presentedh [12].

Thefollowing sectiondescribeshe adaptatiormethodsasap-
plied for the experimentgpresentedh the sectionghereafter

2. ADAPTATION TECHNIQUES

This sectiongivesa shortovervien of theinvestigatecadaptation
techniquesvith respecto their memoryrequirements.

In this paper we focus on adaptationof the means of
CDHMMs with onegloballytied diagonakovariancematrixusing
Viterbi alignmenton the bestrecognizedsentencéypothesisLet



N bethetotal numberof meanvectorspu,,d = 1,..., N, with
dimensionD, of thebaselineacoustionodel.

21. MLLR

In maximumlikelihood linear regression(MLLR) [7], a density
meanp, is linearly transformedike

By =Apg+b=:Thy, (1)

wherefi, is theaugmentednearwith dimensionD+1. Maximum
likelihood estimationreducedo the leastsquaresestimate:T' =
M, M5! with

M, = Et Otp’gensity(t)’ (2)

My = Zt ﬁdensity(t)ﬁgensity(t)' (3)

The three matrices M, My, and T require storageof (D +
1)(2.5D+1) floats.

For MLLR with multiple regressiorclasseswe needto store
amatrix M, for eachclassr anda classindex for eachdensity
If indicesof the obsered densitiesare stored,only one matrix
M,, is neededand canbe calculatedduring the adaptatiorstep.
Allowing to collect 60 secondf adaptatiordataat a framerate
of 16ms,3750densityindiceshave to be keptfor eachadaptation
step. Regressiorclasstying requiresstorageof the classtreeand
2 additionalmatricesfor temporarystorageof My, M.

The computationalemandf MLLR adaptatioris moderate.
For eachregressiorclass the symmetric(D+1) x (D+1) matrix
M, hasto beinverted.

2.2. MAP

For the systemconsiderechere, maximum a posteriori (MAP)
adaptatiorj6] boilsdown to alinearinterpolationof obseredand
prior meanfor eachdensity:

Na
Na+71

whereNy is thethe numberof obsenationsof densityd, andr a
parameterdescribingthe precisionof the prior mean. For MAP
adaptation,all obsenrations are accumulatedon density level.
Thereforeacompletesetof densitymeansandobserationcounts
hasto be storedin additionto the currentandthe initial acoustic
model.

The computationalemandfor the actualMAP adaptatioris
very smallsincetheadaptediensitymeansaresimply obtainedas
weightedsum.

by = pg+ (Mrobs,a — Ha); 4)

2.3. Eigenvoices

Eigervoice adaptation9] is performedon the ND dimensional
parametewector u, the concatenationf all meansu,,. Basically
the parametevectoris movedalongspecialdirectionsE; (Eigen-
voices)whichrepresena priori knowledgeaboutspealkrvariabil-
ity:

B=p+3i cE;. (5)

Eigervoice adaptationcan be embeddedn an anisotropicMAP
framework [10] whereadaptatiorinto all directionsis allowed but
Eigervoicedirectionsarepreferred.

For Eigervoice adaptatioronly very few parameterseedto
beestimatednamelyonecoeficient¢; for eachEigervoice. How-
ever, theestimatiorof thesecoeficientsis ratherexpensve. In ad-
dition to the densityaccumulatiorasneededor MAP (sec.2.2),

the Eigervoiceshave to be storedor loaded. SinceeachEigen-
voice is a completesetof densitymeansn Eigervoicesrequire
nND floatvalues.

To computethe Eigervoice coeficients,an x n matrix B has
to becalculatecandinverted. The calculationof B requiresabout
n® ND operationslf only them mostoftenobsereddensitiesare
usedto determineB, it is possibleto reducethe amountof opera-
tions. Thisis exactaslong asno morethanm differentdensities
wereobsered,i.e. for little adaptatiordata.

24. SMAP

Structural(hierarchical)MAP (SMAP) adaptation[11] exploits
prior knowledge aboutthe model parametersn the form of hi-
erarchicabbrganizatiorof densities.

Cluster mismatch

In SMAP adaptatiorthe mismatchbetweertraining and ob-
senation datais explicitly modeled. We assumethat a cluster
M = {do, ds, . .. } of densitieds given. Themaximumlikelihood
mismatchestimater s, for the clusteris given by the obsera-
tionsas

EdeM Nd(Nobs,d - g)
EdeM Ny
The MAP mismatchestimater for the clusterreduceso a

linear interpolationof the obsered mismatchwv . anda prior
mismatchvg:

(6)

VML =

U= Lt/ +-T @
T M+rT MET A T+ 0
whereM = EdEM N, is thetotal numberof obserationsof the
clusterandr is theprecisionof vg.

Eachdensitymeanin theclusteris thenadaptedo compensate

for themismatch:

Usually no prior informationaboutthe mismatchbetweerthe
speakrindependentmnodelandtheobseredspealkr (e.g.gender)
isgivenandrv, = 0. Forindividualdensitiegnoclustering) equa-
tions(7) and(8) thenbecomehe standardMAP adaptatior(4).

Hierarchical priors

Now thedensitiesareassumedo beembeddedh atreestruc-
ture,whereeachnoderepresenta densitycluster Thebasicidea
of SMAP adaptatioris to take the mismatchestimateat a nodeas
the prior mismatchfor all childrennodes.For anodes of thetree,
themismatchestimatds thengivenas(cf. equation(7))

~ M(s) 7(s) ~
V(S) - M(S)+T(S)VML(S)+ M(8)+T(S)V(p(s))7 (9)

wherep(s) denoteghe parentnodeof nodes. For theroot node,
theprior mismatchis setto zero.

The mismatchestimateof a densityis thus obtainedas the
weightedaverageof all ML estimateslongthe pathfrom theroot
nodeto the respectie leaf node. The weightsare determinedoy
thenumberof obserationsandby the(s).

Theoretically 7(s) is the precision of the prior estimate
Y(p(s)). Asin MAP adaptationr(s) is taken to be an empiri-
cal parameteallowing to controlthe weight of the ML estimates
atdifferenttreelayers.



Memory need

For eachtree node a mismatchvector and the obseration
counthave to be stored. The tree structureitself requirespoint-
ersto the childrenand parentnodes. In additionto the density
accumulatiorasneededor MAP, a treewith 3 childrenpernode
andN + S nodeg IV leaves)requiresS(D+1) floatsand N +4S
pointerswhichis lessthanl Eigervoice.

Treeclustering

A suitabletree organizationof the densitiesis essentialfor
SMAP adaptation.The root nodecorrespondso the “cluster” of
all densitiesandthechildrennodeghensuccesskely describeden-
sity clusterswith lessdensitiesfor eachtreelevel. To obtainthe
full effectof MAP adaptatiorfor largeamountof adaptatiordata,
eachleafnodecorrespond$o onedensity

For density clusteringwe choosea bottom-upapproach. A
variancecriterionbasedn Euclideardistancess usedasdistance
measure:The two clusterswith the smallestincreasein hetero-
geneityaremeiged. After aspecifiechumberof successie meiges
of the closestclusters k-meansdterationsreassigreachdensityto
theclosestluster

For straightforvard SMAP adaptationwith depth-depending
adaptatiorparameters: a treewith fixed numberof levelsis con-
structed Differenttreescanbe constructedy varyingthe number
of levels andthe branching. Eachnodehasa specifiednumberb
of branchedi.e. children),provided thereare at leastb densities
atthatnode. At the lowesttreelevel above the leavesbranching
might be greaterthanb to obtainexactly oneleaffor eachdensity

To organizedensityclustersin a treewith a given numberof
levels! andbranching, thetreestructures constructedop-davn.

3. EXPERIMENTAL SETUP

For experimentsve useaninternaldatabasevith 162mainly non-
native Englishspeakrsrecordedn anoffice environmentat 8kHz.
Thenumberof malesfemalesbays andgirls is roughlybalanced.
Thedatabasés splitinto 97 spealkrsfor trainingand65 for evalu-
ationwith about500words(235 utterancespertestspealr. The
evaluationvocalulary of 152 words comprisesnumericalstrings
andcommandvordsfor audioandTV control.

For featureextractionthe samplesaregroupedinto framesof
32mswidth atintenalsof 16 ms. After extracting12 mel-cepstral
features8 deltafeaturesareadded.We model600triphoneswith
2600HMM states23000Laplaciandensitiesaretrainedandclus-
tereddown to 4096 densities. One diagonalcovariancematrix
is sharedby all densities. For comparisonlarger acousticmod-
elswith 8k and 16k densitieqclusteredrom 35000) aretrained.
Recognitionis performedwithout network or languagemodel,we
simply applyaword penalty

Unsupervisedn-line adaptationis carried out on different
amountsof adaptatiordatarangingfrom 2 to all 235 utterances
per speakr. Resultsfor n utterancesare averagedover 235/n
evaluations.Silencedensitiesarenotadapted.

Theactualadaptatiorns alwaysperformedntheinitial acous-
tic modelusingall accumulate@bserations. Switchingon adap-
tationthusalwaysmeanghattwo setsof meanseedto be stored:
theinitial andthe currentonewhich is usedfor decoding. From
the point of view of memoryconsumptionan adaptatiormethod
shouldalwaysbeasaccurateasthe8k baseline Table1 shavs the
memoryneedto storeall meansanddensitylinks of the acoustic
models.

MLLR adaptatioris performedwith oneclassand40 classes
(regressiorclasstying). Eigernvoiceswereobtainedoy PCA of all
97 trainingspealers. For SMAP adensitytreewith a branchingof
3 and8 layers(includingroot) wasgrown, the lowest4 levels are
usedfor adaptation.

[ ac.model | #densities| memoryneed] WER[%] |

4k 4096 500kB 122+ 0.4
8k 8192 910kB 10.7 £ 0.3
[ adaptation] 4096 | 820kB | - |

Tablel: Memorydemandf acoustiomodelsandon-line adapta-
tion.

4. RESULTS

Figurel shaws the performancef the adaptatiortechniquesFor
4 words of adaptationdataEigervoicesalreadyperform signifi-
cantly betterthanthe 4k model (table 1) but cannotbeatthe 8k
model. Even 1 Eigervoice outperformaVAP, MLLR, andSMAP.
Adaptingon 10—-40words,MAP andMLLR still shav no signif-
icantimprovementwhile SMAP achievesa relative gain of up to
7% andEigervoiceseven of 17%. For adaptatioron 200 words,
all methodsexceptfor MAP areableto outperformthe 8k model.
Notethat500wordscorrespondo only 5 minutesof speechThe
resultsof MAP, SMAP, andEigervoice adaptatiorshouldall con-
verge asymptoticallyto thesame(i.e. ML) estimate.

SMAP always gives betterresultsthan MAP and MLLR. It
also achieves betterperformancehan one Eigervoice if enough
adaptationdata is available. Better SMAP results for small
amountf adaptatiordatahave beenreportedn [11]. Thismight
be dueto a moresuitabledensitytreeor a strongemismatchbe-
tweentrainingandevaluation.

Figures2 and3 shawv the performancef the adaptatiortech-
nigueswith respecto memoryneedfor adaptatioron 500and20
wordsrespectiely’. While for 500wordsall adaptatiormethods
easilyoutperformtheunadaptedcoustianodels for 20 wordsno
methodcan beatthe unadaptednodelsat the samememoryde-
mand. It canbe seenthat Eigervoicesneedthe mostmemoryby

1The memory requirementsare estimatedtheoretically assuming4
bytesfor afloatvalue,8 bytesfor a pointer
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Figurel: Worderrorratesfor differentamountf adaptatiordata.



far to achieve their high accurag. SMAP adaptatiompresentsa
goodcompromisebetweemmemoryneedandaccurag.

Table2 shavs thereal-timefactorsmeasureésactualdecod-
ing time?. Sincethe codeis not highly optimizedwith respecto
memoryand speecthis yields only a roughestimate.Due to the
increasechumberof distancecalculationsthe 8k modelis about
50% slower. Note thatthis differencewill decreaséf more effi-
cientdistancecalculationtechniquesreapplied. Theincreasen
CPU demandwith the numberof Eigervoicesis moderateadap-
tationwith 8 Eigervoicesis still comparabléo MLLR.

4k 8k MAP | SMAP | MLLR | eigemwoices
4 8
0.63| 0.93| 0.64 | 0.64 071 [ 0.70] 0.74 |
Table2: Comparisorof real-timebehaior.
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Figure2: Performancandmemorydemandor adaptatioron 500
words.
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Figure3: Performancendmemorydemandor adaptatioron 20

words.
5. SUMMARY

We have shawvn thatall investigatedadaptatiortechniquesanbe
appliedsuccessfullyfor adaptatiorof a compactrecognizemwith
4k densities. Dependingon the amountof adaptationdataand
memoryor processolimitationsdifferentadaptatiormethodscan

2DIGITAL personalvorkstation 500MHz.

be chosenor a better(bigger) acousticmodel may often be used
asanalternatve to adaptationlf lessthan10wordsof adaptation
dataareavailable,alargeracoustionodeloutperformsadaptation
for all investigatednethods.

For 10—-40wordsof adaptatiordatathe benefitsof properus-
ageof prior knovledgebecomeclearly visible. Eigervoicesper
form bestfor all amountof adaptatiordataandachieve by farthe
bestresultsfor lessthan50 words. However, they alsorequirethe
mostmemoryand processingime. SMAP adaptatiorpresentsa
goodcompromisébetweermemoryneedandaccurag.
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