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Abstract

We presentfastmethod,.e. requiringlittle data,for adaptinga
hybrid HiddenMarkov Model/ Multi LayerPerceptrorspeech
recognizerto reverberantervironments. Adaptationis per
formedby alineartransformatiorof the acoustideaturespace.
A dimensionalityreductiontechniguesimilar to the eigenvoice
approachis alsoinvestigated. A pool of adaptationtransfor
mationsareestimateda priori for variousreverberantenviron-
ments. Then,the principal directionsof the pool areextracted,
theso-calledeigenrooms. Theadaptationransformatiorfor ev-
ery nev reverberantervironmentis constrainedo lay on the
subspacespannedy the mostsignificanteigenrooms.Conse-
quently the adaptatiorprocedurenvolves estimatingonly the
projection coeficients on the selectedeigenroomswhich re-
quireslessdatathan direct estimationof the adaptatiortrans-
formation. Supervisedadaptationexperimentsfor recognition
of connectedligit sequencefAURORA databasein reverberant
ervironmentsarecarriedout. Standarcadaptatiordemonstrates
improvementdn word errorratehigherthan30%for typicalre-
verberationevels. The eigenroom-baseddaptatiortechnique
implementedsofar allows atmost50%reductionof adaptation
datafor the sameimprovement.

1. Introduction

In mary realapplicationsautomaticspeectrecognition(ASR)
systemshave to dealwith noiseandroomreverberation.Since
thesesystemspr moreexactly their acousticmodels,arecom-
monly trained on clean speechmaterial,i.e. noise-freeand
echo-freespeechthey performpoorlyduringoperatiorbecause
of the mismatchbetweerthe training conditionsandthe oper
ating conditions. In this work, we are primarily concernedoy
themismatchdueto roomreverberation.Two approachesome
out naturally for reducingthis mismatch. One can suggesto
trainthe acoustianodelson reverberatedpeech Suchtraining
materialcanbe obtainedby convolving cleanspeectwith room
impulseresponsewhich areeithermeasuredh reverberanen-
closureq1] or artificially generated2]. Alternatively, onecan
suggestto recover (partially) echo-freeacousticfeaturesand
keepon usingtheacoustiomodelstrainedon echo-freespeech.
We proposehereadaptationrmethodsin the framework of
connectionistspeechrecognition[3] to compensatdor room
reverberationby lineartransformatiorof the acousticfeatures.
The standardadaptationprocedureconsistsin estimatingthe
coeficients of the linear mappingfrom datarecordedin the
target operatingreverberantervironment. Recently the eigen-
voice concephasbeenintroduced4, 5] for reducinghedimen-
sionality probleminherentto suchadaptatiorproceduresThe
eigervoice methodincreaseshe reliability and the efficiengy
of the adaptatiorprocedureby limiting the amountof parame-
tersthat mustbe estimated.The methodwas originally devel-

opedfor fastspealer adaptationof recognizersasedon Hid-
denMarkov Models/ GaussiaMixture Models(HMM/GMM)

[6, 7]. In [8], the methodwas extendedto hybrid Hidden
Markov Models/ Multi Layer PerceptrofHMM/MLP) recog-
nizers.We generalizéherethelatterapproactio roomreverber
ationadaptatiorby introducingthe eigenroom concept.

In the next section,we first review the standardechnique
for adaptatiorof aHMM/MLP recognizeby lineartransforma-
tion of the acousticfeatures.We thendescribehow the eigen-
voice conceptcanbe generalizedor adaptatiorto roomrever
beration,andwe proposea fastversionof the standardadap-
tation technique. In section3, resultsfor recognitionof con-
necteddigit sequencearereported.Conclusionsaredravn in
sectiond.

2. Adaptation Procedure

In thiswork, we usea Multi LayerPerceptrof{MLP) asacous-
tic modelfor speechrecognition[3]. Actually, a singlehidden
layerMLP is used.TheMLP inputsareacoustideaturevectors
computedfor successie framesof speechalongthe utterance
to berecognized.The MLP outputsareestimatef a posteri-
ori phoneprobabilities. The resultinglattice of probabilitiesis
thensearchedor the mostlikely word sequenceiven a lexi-
conof word phonetictranscriptions Suchan acousticmodelis
commonlytrainedon a large databaseonsistingof a sequence
of acousticfeaturevectorsandthe correspondingequencef
phonelabels. The training procedureaims at minimizing the
squareerror betweerthe actualoutputsandthe expectedones
(1 for the outputof the desiredphoneand 0 otherwise). This
supervisedraining of the MLP coeficients can be efficiently
implementedvia a gradientdescenprocedureusingthe popu-
lar back-propagatio(BP) algorithm[9].

2.1. Standard Adaptation

Unfortunately the performanceof a MLP-basedspeectrecog-
nizer degradesseverely when the training acousticconditions
differ from the operatingacousticconditions[2]. In orderto

recover satisfying performancethe acousticmodel hasto be
adapted. A usualtechniquefor adaptinga MLP consistsin

transformingthe input acoustideaturevectorslinearly [10]:

y=Ax+b Q)

wherex, y, and(A, b) denotethe currentacoustideaturevec-
tor possiblyaugmentedvith left andright context acousticfea-
ture vectors,its compensatedersion, and the adaptationpa-
rametersrespectrely. Thetransformedeaturevectory senes
thenasinput to the unchangedxisting MLP. Hence the adap-
tation procedureconsistsin estimatingthe adaptatiorparame-
ters(A, b). Thelineartransformation(A, b) canbe seenas



Echo-free Reverberant

speech Speech .
Room Impulse |

daptation Acoustic words
Decoder
ransform y Model p w

= >

Recognized

Figurel: Adaptationschemdor hands-freespeectrecognitionin reverberanervironments.

an extra linear input layer appendedo the existing MLP. Ini-
tializing this layer with the identity matrix (A = I) andzero
biasegb = 0), it canbe estimatedy resumingthe supervised
trainingof theaugmented/LP ontheavailableadaptatiordata,
keepingall the otherlayersfrozen[10]. In this work, we ap-
ply this procedurdor adaptinganexisting spealkr-independent
MLP trainedon echo-freespeecho areverberanervironment
(seefigure1).

2.2. Fast Adaptation

As shavn in section3, a significantamountof datais necessary
to adaptefficiently the echo-freeMLP, andto obtaina room-
dependentut still speakr-independenticousticmodel. We
proposeto apply a methodsimilar to the eigervoice approach
[5] in orderto reducethe amountof adaptationdata. Let de-
fine v asthe D-dimensionabdaptatiorvectorgatheringthe D
adaptatiorparameters,

v = [vec{A},b]. (2)

Assumethat sucha vector may be computedfor L reverber
ant ervironmentswith differentreverberationlevels. Thatis,
asetV = {vi,...,vp} of L adaptationvectorsare com-
puteda priori. Next, a Principal ComponentAnalysis (PCA)
[11] is performedon the set V. The principal directions
U = {uy,... ,up} areextractedby eigendecompositionf
the covariancematrix S = 15 Zle (vi = ¥)(vi —¥)T with
v = 13°F | v denotingthe meanadaptationvector The
resultingeigervectors,the so-calledeigenrooms, are arranged
in decreasingrder of the associateeigervalues. Eventually
the estimationof the adaptatiortransformatiorfor ary new re-
verberantroom is constrainedo lay on the subspacén RP
spannedy the eigenroomsorrespondindo the largesteigen-
values. Thatis, ary new adaptatiortransformationv is given

by
K
\7=V+nguk=Wg 3)
k=1

with W = [v u;...ux] andg = [1 g1...gx]" whereK
denotesthe numberof retainedeigenrooms. The adaptation
procedureeduceghento estimatingonly the projectioncoefi-
cientsg in orderto defineentirelytheadaptatiortransformation
(A, b). This estimationis likely to requirelessadaptatiorma-
terial thanin the standardadaptatiorcase. The biggestpart of
the data,i.e. reverberatedspeech,s neededfor building the
eigenroomswhich is donea priori. Datafor a priori adapta-
tion canbeeitherrecordedn reverberantooms,or obtainedoy
corvolving echo-freespeechwith impulseresponsemeasured
within the reverberantrooms[1]. In a previous work [2], we
shaved that artificially generatedoom impulseresponsesan
modelefficiently room acousticswith respecto speechrecog-
nition. The artificial roomimpulseresponsesre computecdto
matcha high-level, perceptuallymeaningful,acousticproperty
of the tamget reverberantroom, namelythe reverberationtime

Tso. Hence,no large collection of speechand no measureof
impulseresponsesvithin reverberantroomsare involved. In
this work, the computationof the eigenroomss basedon arti-
ficially reverberatednaterialfor variousTso usingthe method
describedn [2]. ThenumberK of retainedeigenroomsndthe
amountof adaptatiordatashouldtradeof betweerthe compu-
tationalcompleity andtheinherentmodelingerror, i.e. thepro-
jectionerrord, betweerthe eigenroom-baseddaptatiorvector
v andthestandardadaptatiorvectorv (seefigure2). Using(3),
theadaptatiorequation(1) for thenew reverberanenvironment
becomes

y = A@x+b() “)
K K
k=1 k=1

with A = A(vg), be = b(vg), k =1,... ,K,andA =
A(v), b = b(V). Equalently eachelementy; of the N-
dimensionatompensatedectory is givenby, s = 1,... , N,

K N N
5=3a (zaz;xj +b§> P gt ©
k=1 j=1 j=1

with z; , af;, bf, @i; andb; beingthe jth elementof x, the

(%, 7)th coeficient of Ay, the ith elementof by, the (i, j)th
coeficientof A andtheith elementof b, respectiely.

As in the standardadaptationscheme,the fast adapta-
tion procedureestimateshe eigenroomcoeficients gx, k =
1,..., K, by minimizing the outputsquareerror E of there-
sulting acousticmodel via a gradientdescentprocedure.The
recursve estimationequationis given by

OF
g =g -a (7)

£
dg;”

wherea denotesghelearningratecoeficient. Thegradienterm
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Figure2: Eigenroom-baseddaptationtheadaptatiortransfor
mationis assumedo be modeledby only 3 parameter¢D = 3)
andconstrainedo lay on thefirst eigenroom(kX = 1).



Tablel: Word errorrate(WER) asthe sumof substitutiorerror
rate (SUB), deletionerror rate (DEL) andinsertionerror rate
(INS) for the baselinespealkr-independenécho-freeMLP.
WER[%] | SUB[%] DEL[%] INS[%]
17 0.7 0.5 0.5

Table 2: Word error rate (WER [%]) for various reverberant
environmentyTso [ms]) andfor variousamountsf adaptation
datain the caseof afull adaptatiormatrix.

Adapt.data Testset

[frame] Tso=200 400 600 800 1000
No WER=8.2 204 334 46.7 485
25k 55 88 148 243 274
50k 4.9 74 120 200 221
75k 3.9 6.7 10.0 179 195
100k 34 6.2 9.7 171 185
125k 34 6.0 9.1 159 171
150k 34 57 88 158 17.1
175k 3.5 5.7 85 153 16.3
200k 3.9 54 85 151 161

is computecdby applyingthechainrule for partialderiative:

N

0~ 7 7
agy” = oyl ag”

(8)

wherethe first term is obtainedby the BP algorithm andthe
secondermis easilyderivedfrom equation(6), i.e. equalto the
outputof the kth eigenroontransformatior( A, bg).

3. Experimental Results

The speechmaterialusedin this work comesfrom the clean
partof the AURORA databasg§l2] andconsistsof Englishcon-
necteddigit sequencesThecorpusis dividedinto atrainingset
of 8840utterancesindatestsetof 1001utterancespronounced
by 110speakrsand104otherspealers,respectiely.

First, we train a MLP with a 600-nodehidden layer on
the echo-freetraining set. The resultingmodelis assumedo
be speakr-independent.For every speechframe, it estimates
the a posteriori probabilitiesfor a 33-phonemeset given the
acousticvectorsof the currentframe augmentedvith 7-frame
left-context and 7-frameright-contet acousticvectors. Each
acousticvectoris composedf 12 Mel-warpedfrequeng cep-
stral coeficients (MFCC) andthe Aenegy. The performance
of theresultingMLP for recognitionof the echo-freetestsetis
givenin table 1. Speechdecodingis doneby Viterbi search,
with neitherpruningnor grammarconstraints.

Then,we try to adaptthe echo-freeMLP to variousrever-
berantenvironments. Following the notationof section2, the
compensatedectory is obtainedby lineartransformatior(see
equation(1)) of the N-dimensionalectorx formedby the cur
rentacoustiovectorwith its context, i.e. N = (74+1+47)x13 =
195. As describedin section2.2, no reverberateddata are
collectedin the reverberantervironmentto which we wantto
adapt.Only thereverberatiortime Tso hasto beknown. Given
Tso, ONe can generateadaptationmaterialby corvolving the
echo-freetraining set with artificial room impulse responses
matchingTso [2]. Oncethe echo-freeMLP hasbeenadapted,
it is usedto recognizea reverberatedestset. In this work, the

Table 3: Word error rate (WER [%]) for various reverberant
ervironments7so [Ms]) andfor variousamountsf adaptation
datain the caseof a block diagonaladaptatiormatrix.

Adapt. data Testset
[frame] Teo=200 400 600 800 1000
No WER=82 204 334 467 485
25k 6.1 129 22.0 346 370
50k 5.9 122 19.6 308 33.9
75k 55 11.3 18.1 286 325
100k 55 11.0 17.0 284 310
125k 55 104 16.6 27.1 30.2
150k 5.2 10.2 16.7 26.9 29.6
175k 5.2 10.2 16.1 26.7 2838
200k 5.2 10.3 16.1 26.1 285
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Figure3: Block diagonaladaptatiormatrix.

reverberatedestsetsareobtainedby acousticcoom simulation
(Imagemethod[13]) which allows usto specifyary roomcon-
figurationandcontrolthereverberatiortime Tgo. Table2 shavs
the WER for variousTso asafunctionof thenumberof adapta-
tion frames.Thefirst line correspondso the performancef the
echo-freesystem,.e. with no adaptation.As expected,adapt-
ing the acousticmodelsignificantlyimprovesthe performance
of thespeectrecognizer

Though the standardadaptationtechniqueprovides high
WER improvements,especiallywith large amountsof adap-
tation data, the numberof parameterglefining the adaptation
transformatioris too large (D = N x (N 4+ 1) = 0(10%))
for usingit in afastadaptatiorframevork. Indeed the compu-
tation of the eigenroomswvould be highly memorydemanding,
computationallyprohibitive andproneto round-of error. First,
we obsere that the biasesdo not help adapting. Besideswe
obsere thathigh valuecoeficientsof theadaptatiormatrix are
mostly locatedalong the main diagonal. Hence,we decideto
usea block diagonaladaptatiormatrix insteadof a full matrix.
Thatis, the elementsvhich areoff the mainblock diagonalare
forcedto zero(seefigure 3). Thenumberof adaptatiorparame-
tersis reduceddrastically(D = 15 x 13 x 13 = O(10?)). For
thesale of comparisontable3 reportsthe WER for variousTs
asafunctionof the numberof adaptatiorframes.As expected,
theadaptatiorprocedurewvith a block diagonalmatrix provides
lessWER improvementthanwith a full matrix.

Next, we testthe eigenroom-baseddaptationtechnique.
As afirst step block diagonaladaptatiormatricesaregenerated
for Teo varying from 100msto 1200ms.For eachTso, 200000
framesof adaptatiordataareobtainedby usingartificially gen-
eratedroom impulse responsegseesection2.2). Then, the
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Figure4: Screeplot for PCAappliedto blockdiagonalmatrices
for adaptatiorto room reverberation(limited to first 20 eigen-
values).

adaptationvectorsare formed and the principal directions of
the resultingvectorsetare extracted. Figure 4 givesthe scree
plot of the resultingeigemvalues. It clearly shavs thatthe first
few principaldirections(k < 10) accountfor mostof the vari-
ability within the adaptationvectorset. Finally, we apply the
eigenroom-baseddaptatiorapproachwith variousnumberof
eigenroomsFigure5 compareVER improvementselatively
to theperformancef theunadaptedLP: (a)for Tso = 600ms
with the numberof adaptationframesvarying from 25000to
200000,and (b) for 50000 adaptationframeswith Tgo vary-
ing from 200msto 1000ms. The eigenroom-baseddaptation
procedureperformssignificantlybetterthanthe standardadap-
tationproceduregspeciallyfor low amountof adaptatiordata.

4. Conclusion and Future Work

We have shavn thatHMM/MLP recognizersanbe efficiently
adaptedo room reverberationby linear transformatiorof the
inputacoustiovectors.Besidestheeigenroom conceptasbeen
proposedSimilarly to the eigenvoice approactor fastspealker
adaptationtheeigenroom-baseapproachrequiredessdatafor
roomadaptatiorthanthe standarcapproachUnfortunately the
adaptatiormatrix hasto be limited to a block diagonalmatrix
for computationateasons Futurework will focusedon relax-
ing this constrain.For example,a structuredfull matrix like a
FIR matrix might be used. Furthermorethe promisingresults
obtainedfor superviseddaptatiorhave to be confirmedin un-
supervise@daptatiormode.
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