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ABSTRACT

The performanceof speechcleaningandnoiseadaptation
algorithmsis heavily dependenton thequality of thenoise
andchannelmodels.Variousstrategieshavebeenproposed
in the literaturefor adaptingto thecurrentnoiseandchan-
nel conditions.In this paper, we describethe joint learning
of noiseandchanneldistortionin a novel framework called
ALGONQUIN. Thelearningalgorithmemploys a general-
ized EM strategy whereinthe E stepis approximate.We
discussthecharacteristicsof thenew algorithm,with a fo-
cuson convergenceratesandparameterinitialization. We
show that thelearningalgorithmcansuccessfullydisentan-
gle the non-lineareffectsof noiseandlinear effectsof the
channelandachieve a relative reductionin WER of 21.8%
over thenon-adaptivealgorithm.

1. INTRODUCTION

It is well known that recognitionratesof speechrecogni-
tion systemssuffer considerablywhenthereis a mismatch
betweentraininganddeploymentconditions.Oneapproach
to dealingwith thismismatchis to restoreor cleanthenoisy
featuressuchthat they resemblethoseof the trainingenvi-
ronment. Methodsthat fall into this category areSpectral
Subtraction(SS)[2], Cepstralmeannormalization(CMN)
andAlgonquin[3], to namea few.

Theperformanceof a featurecleaningmethodis greatly
dependenton how well the noise and channeldistortion
areestimatedandmodeled. For example,it is possibleto
usepoint estimatesor singleor multiple mixture gaussian
distributions[4]. In general,for methodsthatemploy noise
andchannelmodelsof somesort, thecorrectestimationof
themodelparametersis crucial.

Estimationof the noiseandchannelmodelparameters
is complicatedby the fact that the observationscontaina
combinationof speech,noiseandchanneldistortion. Vari-
ousad-hocmethodsareusedto dealwith thisproblemsuch
asusinglow poweredframesto estimatetheparametersof
the noisemodel,andhigh poweredframesto estimatethe

parametersof thechannelmodel.
In thispaper, wediscussaprincipledmethodfor jointly

learningthe parametersof the noiseand channelmodels.
Themethodis ableto learnthenoiseandthechannelmodel
simultaneously, byemployinganaccuratespeechmodeland
a modelfor the combinationof speech,noiseandchannel.
In [5] we describedtheuseof noiseadaptationto enhance
performance.In this paperwe extendtheframework to in-
cludelearningof channeldistortion.

In the first sectionwe introducethe Algonquin frame-
workanddiscusstheestimationof theposterior�����
	��
	���� ��� .
Thenwe discussthe learningof the noiseandchannelpa-
rameterswithin theGeneralizedEM framework. In theAnal-
ysissectionwediscussconvergencecharacteristicsandpatho-
logical caseswhen run on syntheticdata. In the Results
section,we show that the algorithmperformswell for real
speechdata.

2. THE ALGONQUIN FRAMEWORK

In theAlgonquinframework[3], theMMSE estimateof the
cleanspeech�� is estimated.��������
�������
� ��� (1)

where �����
� ����� ���� ! ������� �
	"��	"�#�$�����
	"��	"�#� (2)

The crux of the methodis the way in which the posterior�����
	��
	���� ��� is approximatedby asimplifiedposteriorfunc-
tion %����
	��
	���� . As describedbelow, a variationalapproach
is usedto find theparametersof theapproximatejoint dis-
tribution %����
	��
	���� . This procedureconstitutesthe E step
of theGeneralizedEM algorithm.

In theFourierdomain,the relationshipbetweenspeech&
, channel' , noise( andnoisyobservation ) is:)*�,+-�.�/'0�,+-� & �,+-�213(0�,+-�54 (3)



After takingthemagnitudesquaredandlogarithmwearrive
at theequivalentequationin thelog-spectrumdomain:�7698;:=< ���2>�? �@�A13�B10CEDF�HGI10J5K�L2����M7�NMO���"�P4 (4)

where CQDF�,� and J5K�LF�,� operateon theindividual elementsof
their vectorarguments.

Assumingtheerrorsin theaboveapproximationareGaus-
sian,theobservationlikelihoodis������� �
	"��	"�#�
�0RS���.T"8;:U< ��� >F? 	WVN�P	 (5)

The ALGONQUIN framework employs Gaussianmixture
modelsto modelthespeech,noiseandchannelimpulsere-
sponsein thelog-spectrumdomain,thus,thejoint distribu-
tion over noisy speech� , speech� , speechclass X5Y , noise� , noiseclassX5Z , channel� andchannelclassX\[ is:�����.	H�
	��
	��
	�X Y 	�X Z 	"X [ �.�3RS���.T�8;:=< ��� >2? 	WVB�]_^ Y`ba RS���
T"c Y`ba 	Pd Y `ba � ]\^ Z`fe RS�,�
T�c Z`fe 	Wd Z `fe �]5^ [`bg RS�,�
T�c [`bg 	Wd [` g �P4 (6)

For thecurrentframeof noisyspeech� , ALGONQUIN ap-
proximatestheposteriorusingasimpler, parameterizeddis-
tribution, % :�����
	"��	"��	"X Y 	"X Z 	�X [ � ���
6/%����
	��
	��
	�X Y 	�X Z 	"X [ �54 (7)

The“variationalparameters”of % areadjustedto make this
approximationaccurate,andthen % is usedasasurrogatefor
thetrueposteriorwhencomputing �� andlearningthenoise
andchannelmodels.See[6] for a review of variationalin-
ferencetechniques.

The % functionis a mixtureof gaussians:%����
	"��	"�#�
� hi `ba  `fe  `bgkjml `ba_`fen`bg %����
	"��	"�;� X Y 	"X Z 	"X [ � (8)

where l `ba5`feo`bg arethe mixture weights. The form of each
component%����
	"��	"�;� X Y 	"X Z 	�X [ � is:%����
	��
	���� X Y 	"X Z 	�X [ �.�RqpArs ���-tu T.rswv Y `ba\`fen`bgv Z `ba\`fen`bgv [`ba\`fen`bg tu 	 rxs�y

YkY`ba\`fen`bg y Y_Z`ba\`fen`bg y Yz[`ba\`feo`bgy YkZ`ba\`fen`bg y ZnZ`ba\`fen`bg y Z{[`ba\`feo`bgy Yz[`ba\`fen`bg y Zo[`ba\`fen`bg y [z[`ba\`feo`bg t}|u
~ 	where v Y ` a ` e ` g , v Z ` a ` e ` g and v [` a ` e ` g are the approximate
posteriormeansof thespeech,noiseandchannelfor classesX5Y , X\Z and X\[ , and y YkY` a ` e ` g etc. specifythecovariancema-
trices for the speech,noiseandchannelfor classesX5Y , X5Z
and X_[ .

Thegoalof variationalinferenceis to minimizetherel-
ative entropy (Kullback-Leiblerdivergence)between% and� : � � hi `ba  `fe  `bgzj � i �  �� ! j %����
	"��	"��	"X Y 	"X Z 	�X [ �] CED %����
	"��	"��	"X5Y�	"X5Z�	�X\[{������
	��
	��
	�X Y 	�X Z 	"X [ � ��� 4 (9)

This is a particularlygoodchoicefor a cost function, be-
causeminimizing

�
is equivalentto maximizing� �@CED
�������.M � �hi ` a  ` e  ` g j � i �  �� ! j %����
	��
	��
	�X Y 	�X Z 	"X [ �] CED �����
	��
	��
	�X5Ym	�X5Z�	"X\[�	H���%����
	"��	"��	"X Y 	"X Z 	�X [ � 4 (10)

The form of the re-estimationformulasfor the parameters
of the % distributioncanbefoundin [3].

3. JOINT LEARNING OF NOISE AND CHANNEL
DISTORTION

The generalizedEM algorithmalternatesbetween:1) up-
datingonesetof variationalparametersl=�}���`ba5`feo`bg , v Z �}���`ba\`fen`bg ,etc. for eachframe �
���o	_4\4_45	H� , and2) maximizing

�
with

respectto thenoiseandchannelmodelparameterŝ Z` e , c;Z` e
and d Z `fe and ^ [` g , c;[` g and d [`bg . Since

�q��� � CQD
����� �}��� � ,thisproceduremaximizesalowerboundonthelog-probability
of thedata,up to approximationsin theoptimizationproce-
dure(seeFigure2).

Settingthe derivatives of
�

with respectto the noise
modelparametersto zero,we obtainthe following M step
updates1: ^ Z`fe�� �� h � h`ba  `bg-l �}���`ba5`feo`bg 	c Z ` e ��� h � h` a  ` g l��}���` a ` e ` g v Z `ba\`feo`bg�}���b�F� � h � h` a  ` g l��E���` a ` e ` g � 	d Z ` e � � � � `ba  `bg l=�}���`ba5`feo`bg : y ZnZ`ba_`fen`bg�}��� 1�� ?� � � ` a  ` g l��}���` a ` e 4 (11)

where�N�*�����n� : � v Z `ba_`fen`bg�}��� M�c Z`fe �\� v Z `ba\`fen`bg�}��� M�c Z`fe �b� ? 4 (12)

Theupdateequationsfor theparametersof thechannelmodel
areanalogous.

1A detailed exposition of this derivation can be found at
http://newgist.uwaterloo.ca/̃trausti/RobustASR/AdaptiveAlgonquin.html



4. ANALYSIS

In orderto disentangleandlearntheparametersof thenoise
and channelmodels, the algorithm relies on an accurate
speechmodel�����F� aswell asamodelfor how speech,noise
andthechannelarecombined������� �
	��
	���� .

In orderto assessthe susceptibilityof the algorithmto
pathologicalbehaviour suchasslow or stalledconvergence,
local minima, andsaddlepoints,we ran the algorithm on
syntheticdata. The datawasgeneratedby samplingfrom
thespeechmodel,noisemodelandchannelmodelandcom-
bining thesamplesaccordingto Eqn.(4).

Figure1 shows a pathologicalcasefor syntheticdata.
Thefigureshows thevalueof � [ and � Z asa functionof it-
eration.In thiscase,thealgorithmlearnsthechannelmodel
quickly, i.e. within about3-5 iterations.

The truenoisemodelhasa relatively flat characteristic
with avalueof around6. Thenoisemodelis initializedwith
zeromeanandvariance10. After 50iterationsthe � Z values
for thehigherorderlog-spectrumcoefficientsarestill at0.

This is due to the algorithm finding and incorrectbut
plausible“explanation”of theobservedsignal.Thecombi-
nationof the model for the sound/s/ andthe noisemodel
at iteration50 (seeFig. 1) producesa relatively goodfit to
theobservedoutput.Thealgorithmeventuallyrecoversand
learnsthe correctmodel. This shows that the algorithmis
susceptibleto poor initialization. We did not observe such
pathologicalbehaviour whenthealgorithmwasrun on real
speechdataand the noisemodel was initialized with the
meanandvarianceof thefirst 20 framesof thespeechfile.

The convergencerateis greatlydependenton the vari-
anceof the initial noiseandchannelmodels.Convergence
is muchslower if theinitial varianceis setto a smallvalue.

5. RESULTS

We usedsetC of theETSI Aurorataskto evaluatetheper-
formanceandconvergencecharacteristicsof thealgorithm.
TheAurorataskconsistsof spokendigits (TI digits),mixed
with variousnoisetypesat multiple signal to noiseratios.
In addition,setC hasbeenfiltered (ITU MIRS frequency
characteristic)to simulatechanneldistortion. The results
reportedherearefor Subway Noiseat 10dBSNR.Thetest
setconsistedof 1001files eachcontainingfrom 1 to 5 spo-
kendigits.

Figure3 showstheaccuracy resultsfor adaptationof the
channelmodelalone(diamonds),thenoisemodelalone(tri-
angles)andjoint estimationof noiseandchanneldistortion
(squares).In eachcasetheinitial noisemodelwasestimated
from the first 20 framesof the a speechfile. The initial
channeldistortionwasinitialized to � [ ��� with �- [ �¡� .
In theseexperiments,the noiseand channelmodelswere
singlemultivariategaussians.
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Fig. 1. Convergenceof � [ and � Z asfunctionof iteration,
for joint estimationof noiseandchanneldistortion(simu-
lateddata).This showsa pathologicalcasewherethenoise
modelhasbeenpoorly initialized. Suchbehaviour wasnot
observedfor realspeechdata.

Firstnotetheresultswhenthealgorithmwasconstrained
to adaptonly the channelmodel(i.e. noisemodelwases-
timatedfrom first 20 framesandnot adapted).In this case,
the channelmodelwasinitialized to � [ �¢� and �- [ �£� .
Theaccuracy goesfrom 74.42%to a maximumof 86.09%.
Thenon-adaptivealgorithmthatdoesnot take into account
the channeldistortion( � [ �q� , �- [ �¤� ] �_�m¥=¦ ) achieves
accuracy of 84.36%for this condition.

A secondcasewasrun whereonly thenoisemodelwas
adapted. The initial noisemodel was estimatedfrom the
first 20 frames,and the variancewas multiplied by 3, in
orderto speedup convergence.Thechannelmodelwasset
to � [ �/� and�- [ ��� ] �_�m¥=¦ . Therecognitionaccuracy goes
from 81.95%to a maximumof 87.23%at iteration19. The
recognitionratedeclinesafter iteration19. This interesting
effectmaybedueto thealgorithmattemptingtocompensate
for thechannelwith thenoisemodel.

The third caseshown in Figure3 is that of joint adap-
tationof noiseandchannel.In this case,theaccuracy goes
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Fig. 2. Convergenceof log-likelihoodasa functionof iter-
ationfor thedatashown in Figure1.

from 73.01%to amaximumof 87.78%at iteration37. This
is 0.55%higherthantheaccuracy for noiseadaptationalone
at iteration19(87.23%).In comparisonto thenon-adaptive
algorithm,theabsolutedrop in word errorrateis 3.4%and
therelativedropof is 21.8%.This illustrateswell theeffec-
tivenessof joint noiseandchanneladaptation.

Theseresultsindicate that the algorithm can success-
fully andsimultaneouslylearntheadditivedistortiondueto
thechannelandthenon-lineardistortionduethenoise,and
thussuccessfullyuntanglethesetwo typesof distortion.
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Fig. 3. Recognition accuracy as a function of itera-
tion. Diamond-lineshowsaccuracy whenadapting� alone,
triangle-lineshows � -adaptationandsquare-lineshows ac-
curacy for joint � and � adaptation.Horizontalline shows
resultfor non-adaptivealgorithm.

6. CONCLUSION AND FUTURE WORK

In this paperwe have introducea principledway of jointly
learningthenoiseandchanneldistortioncharacteristics.The
methodis basedontheAlgonquinframework, andemploys
aGeneralizedEM strategy. Weexaminedpathologicalcases
but found that for real speechdata,the algorithmcansuc-
cessfully and simultaneouslylearn the parametersof the
noiseandchannelmodels.We showedthatrecognitionac-
curacy is substantiallyimprovedover therecognitionaccu-
racy of thenon-adaptivealgorithm.

For this methodto bepractical,thenumberof iterations
hasto be small. Our currentimplementationusesa poor
initialization for the channelmodel. We arecurrentlyex-
ploringbetterstrategiesfor initializing theparametersof the
channelmodel,andothermethodsfor speedingup conver-
gence.

7. REFERENCES

[1] A. Acero, L. Deng, T. Kristjansson,and J. Zhang,
“Hmm adaptationusing vector taylor seriesfor noisy
speechrecognition,” Procedings of ICSLP, 2000.

[2] S.Boll, “Suppressionof acousticnoisein speechusing
spectralsubtraction,” IEEE Trans. Acoustics, Speech,
and Signal Processing, vol. 27,pp.114–120,1979.

[3] B.J.Frey, L. Deng,A. Acero,andT. Kristjansson,“Al-
gonquin:Iteratinglaplace’smethodto removemultiple
typesof noiseandchanneldistortionfrom log-spectra
usedin robustspeechrecognition,” Eurospeech, 2001.

[4] T. Kristjansson,L. Deng,A. Acero,andB.J.Frey, “To-
wardsnon-stationarynoiseadaptationfor largevocab-
ularyspeechrecognition,” In Proc. of ICASSP, 2001.

[5] B.J. Frey, T. Kristjansson,L. Deng, and A. Acero,
“Leaningdynamicnoisemodelsfrom noisyspeechfor
robustspeechrecognition,” Advances in Neural Infor-
mation Processing Systems, 2001.

[6] M.I. Jordan,Z. Grahamani,T.S. Jaakkola, and L.K.
Saul, Learning in Graphical Models, chapterAn in-
troductionto variationalmethodsfor graphicalmodels,
KlewerAcademicPublishers,Norwell MA., 1998.

[7] B.H. Juang, “Speechrecognitionin adverseenviron-
ments,” Computer Speech and Language, pp. 275 –
294,1991.

[8] H. Attias, J.C.Platt,A. Acero,andL. Deng, “Speech
denoisinganddereverberationusingprobabilisticmod-
els,” Advances in Neural Information Processing Sys-
tems 13, 2000.


