JOINT ESTIMATION OF NOISE AND CHANNEL DISTORTION IN A GENERALIZED EM
FRAMEWORK

T. Kristjanssont, B. Freyi

Universityof Waterlod
Universityof Toronta:
{ttkristj,frey } @uwaterloo.ca

ABSTRACT

The performanceof speechcleaningand noise adaptation
algorithmsis heavily dependenbn the quality of the noise
andchanneimodels.Variousstratgyieshave beenproposed
in theliteraturefor adaptingto the currentnoiseandchan-
nel conditions.In this paper we describethe joint learning
of noiseandchanneldistortionin a novel framework called
ALGONQUIN. Thelearningalgorithmemploys a general-
ized EM stratgy whereinthe E stepis approximate. We
discussthe characteristic®f the new algorithm,with a fo-
cuson corvergenceratesand parameteinitialization. We
shaw thatthelearningalgorithmcansuccessfullydisentan-
gle the non-lineareffects of noiseandlinear effectsof the
channelandachieve a relative reductionin WER of 21.8%
overthenon-adaptre algorithm.

1. INTRODUCTION

It is well known that recognitionratesof speechrecogni-
tion systemssuffer considerablywhenthereis a mismatch
betweertraininganddeploymentconditions.Oneapproach
to dealingwith this mismatchis to restoreor cleanthenoisy
featuressuchthatthey resemblghoseof the training ervi-
ronment. Methodsthat fall into this category are Spectral
Subtraction(SS)[4, Cepstralmeannormalization(CMN)
andAlgonquin[3, to namea few.

Theperformancef afeaturecleaningmethodis greatly
dependenbn how well the noise and channeldistortion
are estimatedand modeled. For example, it is possibleto
usepoint estimatesor single or multiple mixture gaussian
distributions[4. In generalfor methodsthatemploy noise
andchannelmodelsof somesort, the correctestimationof
themodelparameterss crucial.

Estimationof the noiseand channelmodel parameters
is complicatedby the fact that the obsenationscontaina
combinationof speechnoiseandchanneldistortion. Vari-
ousad-hocmethodsareusedto dealwith this problemsuch
asusinglow poweredframesto estimatethe parametersf
the noisemodel, and high poweredframesto estimatethe
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parametersf thechanneimodel.

In this paper we discussa principledmethodfor jointly
learningthe parameter®f the noise and channelmodels.
Themethods ableto learnthenoiseandthechannelmodel
simultaneouslyby employing anaccuratespeechmodeland
amodelfor the combinationof speechnpoiseandchannel.
In [5] we describedhe useof noiseadaptatiorto enhance
performanceln this paperwe extendthe framework to in-
cludelearningof channeMistortion.

In the first sectionwe introducethe Algonquin frame-
work anddiscusgheestimatiorof theposteriomp(x, n, hly).
Thenwe discussthe learningof the noiseand channelpa-
rametersvithin theGeneralizedEM framework. In theAnal-
ysissectionwediscussorvergencecharacteristicandpatho-
logical caseswhen run on syntheticdata. In the Results
section,we shawv thatthe algorithm performswell for real
speectdata.

2. THE ALGONQUIN FRAMEWORK

In the Algonquinframework[3], the MMSE estimateof the
cleanspeectxk is estimated.

x= [ xplxly) 1)
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The crux of the methodis the way in which the posterior
p(x,n,hly) is approximatedy asimplifiedposteriorfunc-
tion ¢(x,n, h). As describedbelow, a variationalapproach
is usedto find the parametersf the approximatgoint dis-
tribution ¢(x,n, h). This procedureconstituteshe E step
of the GeneralizedEM algorithm.

In the Fourierdomain,the relationshipbetweenspeech
X, channelH, noiseN andnoisyobsenationY is:

Y(f) = HH)X() + N()- (3)



After takingthemagnitudesquaredandlogarithmwe arrive
attheequialentequationin thelog-spectrundomain;

y%g(lﬁ]) — x+h+In(l+exp(n—x—h)). (4)

whereln() andexp() operateon theindividual elementof
their vectorarguments.

Assumingtheerrorsin theaboveapproximatiorareGaus-
sian,the obsenationlik elihoodis

X

p(ylx,n,h) = NV (y; g( H ), ®), (5)

h
The ALGONQUIN framewvork employs Gaussiarmixture
modelsto modelthe speechnoiseandchannelimpulsere-
sponsédn thelog-spectrundomain,thus,the joint distribu-
tion over noisy speechy, speechx, speeclctlassc®, noise
n, noiseclassc”, channeh andchanneklassc” is:

X

p(y,x,n,h,¢% c", c") = N(y; g( ln ), ®)

h
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For the currentframeof noisyspeechy, ALGONQUIN ap-
proximategheposteriorusinga simpler parameterizedis-
tribution, ¢:

p(XJ n? h? C$7cn7ch|y) ~ q(x7 n7 h7 Cz7cn7ch)' (7)

The“variationalparametersbf ¢ areadjustedo make this
approximatioraccurateandtheng is usedasasurrogatdor
thetrue posteriorwhencomputingk andlearningthenoise
andchannelmodels.Seeg[6] for a review of variationalin-
ferencetechniques.

Thegq functionis a mixture of gaussians:

Z pc”c"chq(xanah|czacnach) (8)
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wherep ..~ .» arethe mixture weights. The form of each
component(x,n, h|c®, c", cl) is:

q(x, n,h|c$,c”,ch) =
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whereﬂfzc,.ch, N enen @Nd Mo en e are the approximate
posteriomeanf thespeechnoiseandchannefor classes
c®, ¢™ andch, and®?7 .. .. etc. specifythe covariancema-
tncesfor the speechnoiseand channelfor classes:®, ¢"

andch.

Thegoalof variationalinferencels to minimizetherel-
ative entropy (Kullback-Leiblerdivergence)betweeny and

p.

K = | aemmeene
{Cm ,C" ,Ch} {x,n,h}
q(x’ n’ h’ C:E’ cn7 Ch)

p(x,n,h,c* ¢ chly)’

(9)

This is a particularly good choicefor a costfunction, be-
causeminimizing K is equivalentto maximizing

1p(xnhc e, cly)
q(x,n,h, c® ¢, ch)

(10)

The form of the re-estimatiorformulasfor the parameters
of theq distribution canbefoundin [3].

3. JOINT LEARNING OF NOISE AND CHANNEL
DISTORTION

The generalizedEM algorithm alternatesbetween 1) up-
datingonesetof varlatlonalparameter$> o oh s ""i?cn ok
etc. for eachframet = 1,..., T, and2) maximizingF with
respecto the nmseandchannemodelparametersc,. Ty
andX?. andrh,, ph, and=l.. SinceF < 3, Inp(y®),
thisprocedurenaximizesalowerboundonthelog-probability
of thedata,up to approximationsn the optimizationproce-
dure(seeFigure2).

Settingthe derivatives of F with respectto the noise
model parameterso zero,we obtainthe following M step
updates:

1
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v =diag (N0 ) — )M n B =) T). (12)

Theupdatesquationgor theparametersf thechannemodel
areanalogous.

1A detailed exposition of this dervation can be found at
http://nevgist.uwnaterlm.caltraust/ RobustASRAdaptiveAlgonquin.html



4. ANALYSIS

In orderto disentangl@ndlearnthe parametersf thenoise
and channelmodels, the algorithm relies on an accurate
speectmodelp(x) aswell asamodelfor how speechnoise
andthechannelarecombinedp(y|x, n, h).

In orderto assesshe susceptibilityof the algorithmto
pathologicabehaiour suchasslow or stalledcorvergence,
local minima, and saddlepoints, we ran the algorithm on
syntheticdata. The datawas generatedy samplingfrom
thespeechmodel,noisemodelandchannemodelandcom-
bining the samplesaccordingto Eqn. (4).

Figure 1 shows a pathologicalcasefor syntheticdata.
Thefigureshowsthevalueof u;, andu, asafunctionof it-
eration.In this casethealgorithmlearnsthechannemodel
quickly, i.e. within about3-5iterations.

The true noisemodelhasa relatively flat characteristic
with avalueof around6. Thenoisemodelis initialized with
zeromeanandvariancel0. After 50iterationsthe i1, values
for thehigherorderlog-spectruntoeficientsarestill atO.

This is dueto the algorithmfinding and incorrectbut
plausible“explanation”of the obsenedsignal. The combi-
nation of the modelfor the sound/s/ andthe noisemodel
atiteration50 (seeFig. 1) producesa relatively goodfit to
theobsenedoutput. Thealgorithmeventuallyrecoversand
learnsthe correctmodel. This shows thatthe algorithmis
susceptiblgo poorinitialization. We did not obsene such
pathologicabehaiour whenthe algorithmwasrun onreal
speechdataand the noise model was initialized with the
meanandvarianceof thefirst 20 framesof the speectfile.

The corvergencerateis greatly dependenbn the vari-
anceof theinitial noiseandchannelmodels. Corvergence
is muchslower if theinitial varianceis setto a smallvalue.

5. RESULTS

We usedsetC of the ETSI Aurorataskto evaluatethe per

formanceandcorvergencecharacteristicef the algorithm.
The Aurorataskconsistof spolendigits (Tl digits), mixed
with variousnoisetypesat multiple signalto noiseratios.
In addition, setC hasbeenfiltered (ITU MIRS frequeng

characteristicto simulatechanneldistortion. The results
reportedherearefor Subway Noiseat 10dB SNR. Thetest
setconsistedf 1001 files eachcontainingfrom 1 to 5 spo-
kendigits.

Figure3 shavstheaccurag resultsfor adaptatiorof the
channemodelalone(diamonds)thenoisemodelalone(tri-
angles)andjoint estimationof noiseandchanneMistortion
(squares)In eachcasetheinitial noisemodelwasestimated
from the first 20 framesof the a speechfile. The initial
channeldistortionwasinitialized to x, = 0 with 7 = 1.
In theseexperiments,the noiseand channelmodelswere
singlemultivariategaussians.
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Fig. 1. Corvergenceof up, andu,, asfunction of iteration,
for joint estimationof noiseand channeldistortion (simu-
lateddata). This shawvs a pathologicalcasewherethe noise
modelhasbeenpoorly initialized. Suchbehaiour wasnot
obsenedfor realspeechdata.

Firstnotetheresultswhenthealgorithmwasconstrained
to adaptonly the channelmodel(i.e. noisemodelwases-
timatedfrom first 20 framesandnot adapted).In this case,
the channelmodelwasinitialized to i, = 0 ando} = 1.
Theaccurag goesfrom 74.42%to a maximumof 86.09%.
The non-adaptie algorithmthatdoesnot take into account
the channeldistortion (u, = 0, 02 = 1-10~*) achieres
accurag of 84.36%for this condition.

A secondcasewasrun whereonly the noisemodelwas
adapted. The initial noise model was estimatedfrom the
first 20 frames,and the variancewas multiplied by 3, in
orderto speedup corvergence.The channeimodelwasset
top, = 0ando? = 1-10~%. Therecognitionaccuray goes
from 81.95%to a maximumof 87.23%at iteration19. The
recognitionratedeclinesafteriteration19. This interesting
effectmaybedueto thealgorithmattemptingo compensate
for the channelwith the noisemodel.

The third caseshownn in Figure 3 is that of joint adap-
tation of noiseandchannel.In this case theaccurag goes
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Fig. 2. Cornvergenceof log-likelihoodasa function of iter-

ationfor thedatashawn in Figurel.

from 73.01%to amaximumof 87.78%atiteration37. This
is 0.55%higherthantheaccuray for noiseadaptatioralone
atiteration19(87.23%).In comparisorto the non-adaptie
algorithm,the absolutedropin word errorrateis 3.4%and
therelative dropof is 21.8%. Thisillustrateswell the effec-
tivenesf joint noiseandchannekldaptation.
Theseresultsindicate that the algorithm can success-

fully andsimultaneouslyearntheadditive distortiondueto
the channelandthe non-lineardistortionduethe noise,and
thussuccessfullyuntanglethesetwo typesof distortion.
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Fig. 3. Recognitionaccurag as a function of itera-

tion. Diamond-lineshavs accurag whenadaptingh alone,
triangle-lineshowvs n-adaptatiorandsquare-lineshows ac-
curag for joint n andh adaptation.Horizontalline shovs
resultfor non-adaptie algorithm.

6. CONCLUSION AND FUTURE WORK

In this paperwe have introducea principledway of jointly
learningthenoiseandchannetistortioncharacteristicsThe
methodis basenthe Algonquinframework, andemploys
aGeneralizedEM stratgy. We examinedpathologicatases
but found thatfor real speechdata,the algorithmcansuc-
cessfully and simultaneouslylearn the parameterof the
noiseandchanneimodels.We shovedthatrecognitionac-
curag is substantiallimprovedover the recognitionaccu-
ragy of thenon-adaptre algorithm.

For this methodto be practical the numberof iterations
hasto be small. Our currentimplementationusesa poor
initialization for the channelmodel. We are currently ex-
ploring betterstratayiesfor initializing the parametersf the
channelmodel,andothermethodgfor speedingup corver-
gence.
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