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Abstract

Wepresentafastmethod,i.e. requiringlittle data,for adaptinga
hybrid HiddenMarkov Model / Multi LayerPerceptronspeech
recognizerto reverberantenvironments. Adaptation is per-
formedby a lineartransformationof theacousticfeaturespace.
A dimensionalityreductiontechniquesimilar to theeigenvoice
approachis also investigated. A pool of adaptationtransfor-
mationsareestimateda priori for variousreverberantenviron-
ments.Then,theprincipaldirectionsof thepool areextracted,
theso-calledeigenrooms. Theadaptationtransformationfor ev-
ery new reverberantenvironmentis constrainedto lay on the
subspacespannedby themostsignificanteigenrooms.Conse-
quently, the adaptationprocedureinvolvesestimatingonly the
projectioncoefficients on the selectedeigenrooms,which re-
quireslessdatathandirect estimationof the adaptationtrans-
formation. Supervisedadaptationexperimentsfor recognition
of connecteddigit sequences(AURORA database)in reverberant
environmentsarecarriedout. Standardadaptationdemonstrates
improvementsin worderrorratehigherthan30%for typical re-
verberationlevels. Theeigenroom-basedadaptationtechnique
implementedsofar allows atmost50%reductionof adaptation
datafor thesameimprovement.

1. Introduction
In many realapplications,automaticspeechrecognition(ASR)
systemshave to dealwith noiseandroomreverberation.Since
thesesystems,or moreexactly their acousticmodels,arecom-
monly trained on clean speechmaterial, i.e. noise-freeand
echo-freespeech,they performpoorlyduringoperationbecause
of themismatchbetweenthe trainingconditionsandthe oper-
ating conditions. In this work, we areprimarily concernedby
themismatchdueto roomreverberation.Two approachescome
out naturally for reducingthis mismatch. Onecansuggestto
train theacousticmodelson reverberatedspeech.Suchtraining
materialcanbeobtainedby convolving cleanspeechwith room
impulseresponseswhichareeithermeasuredin reverberanten-
closures[1] or artificially generated[2]. Alternatively, onecan
suggestto recover (partially) echo-freeacousticfeaturesand
keeponusingtheacousticmodelstrainedon echo-freespeech.

We proposehereadaptationmethodsin the framework of
connectionistspeechrecognition[3] to compensatefor room
reverberationby linear transformationof theacousticfeatures.
The standardadaptationprocedureconsistsin estimatingthe
coefficients of the linear mappingfrom data recordedin the
targetoperatingreverberantenvironment. Recently, the eigen-
voice concepthasbeenintroduced[4, 5] for reducingthedimen-
sionalityprobleminherentto suchadaptationprocedures.The
eigenvoice methodincreasesthe reliability and the efficiency
of theadaptationprocedureby limiting theamountof parame-
tersthatmustbeestimated.Themethodwasoriginally devel-

opedfor fastspeaker adaptationof recognizersbasedon Hid-
denMarkov Models/ GaussianMixture Models(HMM/GMM)
[6, 7]. In [8], the methodwas extendedto hybrid Hidden
Markov Models/ Multi LayerPerceptron(HMM/MLP) recog-
nizers.Wegeneralizeherethelatterapproachto roomreverber-
ationadaptationby introducingtheeigenroom concept.

In the next section,we first review the standardtechnique
for adaptationof aHMM/MLP recognizerby lineartransforma-
tion of theacousticfeatures.We thendescribehow theeigen-
voiceconceptcanbegeneralizedfor adaptationto roomrever-
beration,andwe proposea fastversionof the standardadap-
tation technique. In section3, resultsfor recognitionof con-
necteddigit sequencesarereported.Conclusionsaredrawn in
section4.

2. Adaptation Procedure
In thiswork, we usea Multi LayerPerceptron(MLP) asacous-
tic modelfor speechrecognition[3]. Actually, a singlehidden
layerMLP is used.TheMLP inputsareacousticfeaturevectors
computedfor successive framesof speechalongthe utterance
to berecognized.TheMLP outputsareestimatesof a posteri-
ori phoneprobabilities.Theresultinglatticeof probabilitiesis
thensearchedfor the most likely word sequencegiven a lexi-
conof word phonetictranscriptions.Suchanacousticmodelis
commonlytrainedon a largedatabaseconsistingof a sequence
of acousticfeaturevectorsandthe correspondingsequenceof
phonelabels. The training procedureaimsat minimizing the
squareerror betweenthe actualoutputsandthe expectedones
(1 for the outputof the desiredphoneand0 otherwise). This
supervisedtraining of the MLP coefficients can be efficiently
implementedvia a gradientdescentprocedureusingthepopu-
lar back-propagation(BP) algorithm[9].

2.1. Standard Adaptation

Unfortunately, theperformanceof a MLP-basedspeechrecog-
nizer degradesseverely when the training acousticconditions
differ from the operatingacousticconditions[2]. In order to
recover satisfyingperformance,the acousticmodel hasto be
adapted. A usual techniquefor adaptinga MLP consistsin
transformingtheinputacousticfeaturevectorslinearly [10]:���	��

��� (1)

where
 , � , and � ������� denotethecurrentacousticfeaturevec-
tor possiblyaugmentedwith left andright context acousticfea-
ture vectors,its compensatedversion,and the adaptationpa-
rameters,respectively. Thetransformedfeaturevector � serves
thenasinput to theunchangedexisting MLP. Hence,theadap-
tation procedureconsistsin estimatingthe adaptationparame-
ters � ������� . The linear transformation� ������� canbe seenas
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Figure1: Adaptationschemefor hands-freespeechrecognitionin reverberantenvironments.

an extra linear input layer appendedto the existing MLP. Ini-
tializing this layer with the identity matrix ( ����� ) andzero
biases( ���	� ), it canbeestimatedby resumingthesupervised
trainingof theaugmentedMLP ontheavailableadaptationdata,
keepingall the other layersfrozen[10]. In this work, we ap-
ply thisprocedurefor adaptinganexistingspeaker-independent
MLP trainedon echo-freespeechto a reverberantenvironment
(seefigure1).

2.2. Fast Adaptation

As shown in section3, asignificantamountof datais necessary
to adaptefficiently the echo-freeMLP, and to obtaina room-
dependentbut still speaker-independentacousticmodel. We
proposeto apply a methodsimilar to the eigenvoice approach
[5] in order to reducethe amountof adaptationdata. Let de-
fine � asthe � -dimensionaladaptationvectorgatheringthe �
adaptationparameters,� ��� � �"! � � � ���$#&% (2)

Assumethat sucha vector may be computedfor ' reverber-
ant environmentswith different reverberationlevels. That is,
a set ( � � ��) �*%+%+%,� �$-.� of ' adaptationvectorsare com-
puteda priori. Next, a PrincipalComponentAnalysis (PCA)
[11] is performedon the set ( . The principal directions/ � �10 ) �*%+%+%,� 032 � are extractedby eigendecompositionof
thecovariancematrix 4 � )-65$)87 -9;: ) �<� 9"= � � �<� 9"= � ��> with� � )-
7 -9;: ) � 9 denotingthe meanadaptationvector. The
resultingeigenvectors,the so-calledeigenrooms, arearranged
in decreasingorderof the associatedeigenvalues. Eventually,
theestimationof theadaptationtransformationfor any new re-
verberantroom is constrainedto lay on the subspacein ? 2
spannedby theeigenroomscorrespondingto thelargesteigen-
values. That is, any new adaptationtransformation@� is given
by

@� � � �BACDE: )GF D 0 D �IHKJ (3)

with L �M� � 0 ) %*%+% 0 A # and JN�M�PO F ) %*%+% F A # > where Q
denotesthe numberof retainedeigenrooms. The adaptation
procedurereducesthento estimatingonly theprojectioncoeffi-
cientsJ in orderto defineentirelytheadaptationtransformation� ������� . This estimationis likely to requirelessadaptationma-
terial thanin thestandardadaptationcase.Thebiggestpart of
the data, i.e. reverberatedspeech,is neededfor building the
eigenrooms,which is donea priori. Datafor a priori adapta-
tion canbeeitherrecordedin reverberantrooms,or obtainedby
convolving echo-freespeechwith impulseresponsesmeasured
within the reverberantrooms[1]. In a previous work [2], we
showed that artificially generatedroom impulseresponsescan
modelefficiently roomacousticswith respectto speechrecog-
nition. The artificial room impulseresponsesarecomputedto
matcha high-level, perceptuallymeaningful,acousticproperty
of the target reverberantroom, namelythe reverberationtime

R,S�T
. Hence,no large collectionof speechandno measureof

impulseresponseswithin reverberantroomsare involved. In
this work, thecomputationof theeigenroomsis basedon arti-
ficially reverberatedmaterialfor various

R,S�T
usingthemethod

describedin [2]. ThenumberQ of retainedeigenroomsandthe
amountof adaptationdatashouldtradeoff betweenthecompu-
tationalcomplexity andtheinherentmodelingerror, i.e. thepro-
jectionerror U , betweentheeigenroom-basedadaptationvector@� andthestandardadaptationvector � (seefigure2). Using(3),
theadaptationequation(1) for thenew reverberantenvironment
becomes� � � � @� �V
W�X� � @� � (4)� Y�ACD+: ) F D � D � �[Z\
��]Y�ACDE: ) F D � D � �^Z (5)

with � D �K� �<� D � , � D �]� �<� D � , _ �`Oa�*%+%+%,� Q , and �b�� � � � , �]�c� � � � . Equivalently, eachelement dae of the f -
dimensionalcompensatedvector � is givenby, g �hOa�+%E%*%,� f ,

d&e � ACD+: )iF D Y�jCk : )"l De kim k �Xn De Z � jCk : ) l e k m k � n e (6)

with m k , l De k , n De , l e k and n e being the o th elementof 
 , the�<g � o � th coefficient of � D , the g th elementof � D , the �<g � o � th
coefficient of � andthe g th elementof � , respectively.

As in the standardadaptationscheme,the fast adapta-
tion procedureestimatesthe eigenroomcoefficients F D , _ �Oa�*%+%E%.� Q , by minimizing the outputsquareerror p of the re-
sulting acousticmodelvia a gradientdescentprocedure.The
recursive estimationequationis givenby

F q rVs )utD � F q r tD =wvyx px F q r tD (7)

wherev denotesthelearningratecoefficient. Thegradientterm
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Figure2: Eigenroom-basedadaptation:theadaptationtransfor-
mationis assumedto bemodeledby only 3 parameters( � = 3)
andconstrainedto lay on thefirst eigenroom( Q = 1).



Table1: Worderrorrate(WER)asthesumof substitutionerror
rate (SUB), deletionerror rate (DEL) and insertionerror rate
(INS) for thebaselinespeaker-independentecho-freeMLP.

WER [%] SUB[%] DEL [%] INS [%]
1.7 0.7 0.5 0.5

Table 2: Word error rate (WER [%]) for various reverberant
environments(

R S�T
[ms]) andfor variousamountsof adaptation

datain thecaseof a full adaptationmatrix.

Adapt.data
[frame]

TestsetR,S�T
=200 400 600 800 1000

No WER=8.2 20.4 33.4 46.7 48.5
25k 5.5 8.8 14.8 24.3 27.4
50k 4.9 7.4 12.0 20.0 22.1
75k 3.9 6.7 10.0 17.9 19.5
100k 3.4 6.2 9.7 17.1 18.5
125k 3.4 6.0 9.1 15.9 17.1
150k 3.4 5.7 8.8 15.8 17.1
175k 3.5 5.7 8.5 15.3 16.3
200k 3.9 5.4 8.5 15.1 16.1

is computedby applyingthechainrule for partialderivative:

x px F q r tD
�zjC e : ) x px d q r te x d q r tex F q r tD (8)

wherethe first term is obtainedby the BP algorithm and the
secondtermis easilyderivedfrom equation(6), i.e. equalto the
outputof the _ th eigenroomtransformation� � D ��� D � .

3. Experimental Results
The speechmaterialusedin this work comesfrom the clean
partof theAURORA database[12] andconsistsof Englishcon-
necteddigit sequences.Thecorpusis dividedinto a trainingset
of 8840utterancesandatestsetof 1001utterances,pronounced
by 110speakersand104otherspeakers,respectively.

First, we train a MLP with a 600-nodehidden layer on
the echo-freetraining set. The resultingmodel is assumedto
be speaker-independent.For every speechframe, it estimates
the a posteriori probabilitiesfor a 33-phonemeset given the
acousticvectorsof the currentframeaugmentedwith 7-frame
left-context and 7-frameright-context acousticvectors. Each
acousticvectoris composedof 12 Mel-warpedfrequency cep-
stral coefficients(MFCC) andthe { energy. The performance
of theresultingMLP for recognitionof theecho-freetestsetis
given in table1. Speechdecodingis doneby Viterbi search,
with neitherpruningnorgrammarconstraints.

Then,we try to adapttheecho-freeMLP to variousrever-
berantenvironments. Following the notationof section2, the
compensatedvector � is obtainedby lineartransformation(see
equation(1)) of the f -dimensionalvector 
 formedby thecur-
rentacousticvectorwith its context, i.e. f � �}| �
O&� | ��~�O*���O*�a� . As describedin section2.2, no reverberateddata are
collectedin the reverberantenvironmentto which we want to
adapt.Only thereverberationtime

R S�T
hasto beknown. GivenR,S�T

, one can generateadaptationmaterialby convolving the
echo-freetraining set with artificial room impulse responses
matching

R S�T
[2]. Oncethe echo-freeMLP hasbeenadapted,

it is usedto recognizea reverberatedtestset. In this work, the

Table 3: Word error rate (WER [%]) for various reverberant
environments(

R,S�T
[ms]) andfor variousamountsof adaptation

datain thecaseof a block diagonaladaptationmatrix.

Adapt.data
[frame]

TestsetR S�T
=200 400 600 800 1000

No WER=8.2 20.4 33.4 46.7 48.5
25k 6.1 12.9 22.0 34.6 37.0
50k 5.9 12.2 19.6 30.8 33.9
75k 5.5 11.3 18.1 28.6 32.5
100k 5.5 11.0 17.0 28.4 31.0
125k 5.5 10.4 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 28.8
200k 5.2 10.3 16.1 26.1 28.5
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Figure3: Block diagonaladaptationmatrix.

reverberatedtestsetsareobtainedby acousticroomsimulation
(Imagemethod[13]) which allows usto specifyany roomcon-
figurationandcontrolthereverberationtime

R S�T
. Table2 shows

theWERfor various
R,S�T

asa functionof thenumberof adapta-
tion frames.Thefirst line correspondsto theperformanceof the
echo-freesystem,i.e. with no adaptation.As expected,adapt-
ing theacousticmodelsignificantlyimprovestheperformance
of thespeechrecognizer.

Though the standardadaptationtechniqueprovides high
WER improvements,especiallywith large amountsof adap-
tation data,the numberof parametersdefining the adaptation
transformationis too large ( � � f ~ ��f ��O1�
�`� � O+�a�i� )
for usingit in a fastadaptationframework. Indeed,thecompu-
tationof theeigenroomswould behighly memorydemanding,
computationallyprohibitive andproneto round-off error. First,
we observe that the biasesdo not help adapting. Besides,we
observe thathighvaluecoefficientsof theadaptationmatrixare
mostly locatedalongthe main diagonal. Hence,we decideto
usea block diagonaladaptationmatrix insteadof a full matrix.
Thatis, theelementswhich areoff themainblock diagonalare
forcedto zero(seefigure3). Thenumberof adaptationparame-
tersis reduceddrastically( � ��O*��~�O*��~�O*����� � O*�G�i� ). For
thesakeof comparison,table3 reportstheWERfor various

R S�T
asa functionof thenumberof adaptationframes.As expected,
theadaptationprocedurewith a blockdiagonalmatrix provides
lessWERimprovementthanwith a full matrix.

Next, we test the eigenroom-basedadaptationtechnique.
As afirst step,blockdiagonaladaptationmatricesaregenerated
for

R S�T
varyingfrom 100msto 1200ms.For each

R S�T
, 200000

framesof adaptationdataareobtainedby usingartificially gen-
eratedroom impulse responses(seesection2.2). Then, the
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Figure4: Screeplot for PCAappliedto blockdiagonalmatrices
for adaptationto room reverberation(limited to first 20 eigen-
values).

adaptationvectorsare formed and the principal directionsof
the resultingvectorsetareextracted. Figure4 givesthe scree
plot of the resultingeigenvalues. It clearlyshows that thefirst
few principaldirections( _�� O+� ) accountfor mostof thevari-
ability within the adaptationvectorset. Finally, we apply the
eigenroom-basedadaptationapproachwith variousnumberof
eigenrooms.Figure5 comparesWER improvementsrelatively
to theperformanceof theunadaptedMLP: (a) for

R S�T ���a�a� ms
with the numberof adaptationframesvarying from 25000to
200000,and (b) for 50000adaptationframeswith

R S�T
vary-

ing from 200msto 1000ms. The eigenroom-basedadaptation
procedureperformssignificantlybetterthanthestandardadap-
tationprocedure,especiallyfor low amountsof adaptationdata.

4. Conclusion and Future Work
We have shown thatHMM/MLP recognizerscanbeefficiently
adaptedto room reverberationby linear transformationof the
inputacousticvectors.Besides,theeigenroom concepthasbeen
proposed.Similarly to theeigenvoice approachfor fastspeaker
adaptation,theeigenroom-basedapproachrequireslessdatafor
roomadaptationthanthestandardapproach.Unfortunately, the
adaptationmatrix hasto be limited to a block diagonalmatrix
for computationalreasons.Futurework will focusedon relax-
ing this constrain.For example,a structuredfull matrix like a
FIR matrix might beused.Furthermore,thepromisingresults
obtainedfor supervisedadaptationhave to beconfirmedin un-
supervisedadaptationmode.
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