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ABSTRACT

We presenta sequentialMonteCarlomethodappliedto additive
noisecompensationfor robustspeechrecognitionin time-varying
noise. At eachframe, the methodgeneratesa set of samples,
approximatingtheposteriordistribution of speechandnoisepa-
rametergiven observation sequencestill the currentframe. Ex-
plicit modelrepresentingnoiseeffectsonspeechfeaturesis used,
so that an extendedKalman filter is constructedin eachsam-
ple, generatingupdatedcontinuousstateastheestimationof the
noiseparameter, andpredictionlikelihoodastheweightof each
samplefor minimum meansquareerror inferenceof the time-
varyingnoiseparameterover thesesamples.A selectionstepand
a smoothingstepare usedto improve efficiency. Throughex-
periments,we observed significantperformanceimprovements,
over that achieved by noisecompensationwith stationarynoise
assumption.It alsoperformedbetterthanthe sequentialEM al-
gorithmin Machinegunnoise.

1. INTRODUCTION

Speechrecognitionin noisehasbeenconsideredto be essential
for its real applications.Therehave beenactive researchefforts
in this area. Among many approaches,model-basedapproach
assumesexplicit modelsrepresentingnoiseeffectsonspeechfea-
tures. In this approach,mostresearchesarefocusedon station-
ary or slow-varying noiseconditions. In this situation,environ-
mentnoiseparametersareoftenestimatedbeforespeechrecogni-
tion, andthenusedto compensatenoiseeffectsonthesubsequent
framesof speech.

However, noisestatisticsmay vary during recognition. For
example,the contaminatingadditive noiseto a recognizermay
changedueto themovementof recognizer. As a result,thenoise
parametersestimatedprior to speechrecognitionof theutterances
areno longerrelevantto thesubsequentframesof inputspeech.

A numberof techniqueshave beenproposedto compensate
time-varyingnoiseeffects. They canbecategorizedinto two ap-
proaches.In thefirst approach,time-varyingenvironmentsources
aremodeledbyHiddenMarkov Models(HMM) or Gaussianmix-
turesthat were trainedby prior measurementof environments,
so that noisecompensationis a taskof identificationof the un-
derlying state/mixturesequencesof the noiseHMMs/Mixtures,
e.g.,[1][2]. In thesecondapproach,environmentmodelparame-
tersareassumedto betime-varying,soit is notonly aninference
problembut alsorelatedto environmentstatisticsestimationdur-
ing speechrecognition.Theparameterscanbeestimatedby, e.g.,
sequentialEM algorithm[3][4][5]. They canalsobeestimatedby

Bayesianapproach.In theBayesianapproach,all relevant infor-
mationon thesetof environmentparametersandspeechparam-
etersis includedin the posteriordistribution given observation
sequence.Exceptfor a few casesincludinglinearGaussianstate
spacemodel(Kalmanfilter), it is formidableto evaluatethedis-
tribution updatinganalytically. Approximationtechniqueshave
beenapplied.For example,Laplacetransformis usedto approxi-
matethedistributionby vectorTaylorseries[6].

We report an alternative approachfor Bayesianestimation
andcompensationof noiseeffectsonspeechfeatures.Themethod
is basedon sequentialMonteCarlomethod[7] for posteriordis-
tributionapproximation.In themethod,asetof samplesis gener-
atedhierarchically. A statespacemodelrepresentingnoiseeffects
on speechfeaturesis usedexplicitly, to constructan extended
Kalmanfilter (EKF) in eachsample.Thepredictionlikelihoodof
theEKF in eachsamplegivesits weightfor selectionandsmooth-
ingof thesamples,andinferenceof thetime-varyingnoiseparam-
eter. Noiseparameterestimation,noisecompensationandspeech
recognitionarecarriedout frame-by-frame.

2. SPEECH AND NOISE MODEL

ThemethodworksonspeechfeaturesderivedfromMel Frequency
CepstralCoefficients (MFCC), and it works in the log-spectral
domain.Let � denoteframeindex.

Speechandnoisearerespectively modeledby HMMs anda
time-varyingGaussianmixture. In casethatspeechrecognitionis
carriedout in stationaryadditive noise,thefollowing formula[8]
hasbeenshown to beeffective in compensatingnoiseeffects.For
Gaussianmixture ��� at state ��� of speechHMM, it transforms
meanvector �
	������ of theGaussianmixtureby,�� 	��������� � 	����������������� !��"$#&%
� � 	 ')( � 	�������*�* (1)

where�
	' is themeanvectorin thenoisemodel. �+�-,/.10�2+343$3426587
and � � ,/.�092+3434342;:<7 . 5 and : eachdenotethenumberof states
in speechmodelsandthenumberof mixturesat eachstate.Su-
perscript = indicatesthat parametersare in log-spectraldomain.
After transformation,the meanvector

�� 	������� is transformedby
DCT, and then pluggedinto speechmodelsfor recognitionof
noisyspeech.

In caseof time-varying noise,the � 	 ' is a function of time,
i.e., � 	 ' �?>�* . Accordingly, thecompensatedmeanis

�� 	� � � � �?>�* .
We areinterestedin estimateof � 	 ' �?>�* . Denotejoint speech

andnoiseparameteras@ � � *A�B� ���;2;���62C� 	� � � � �?>�* 2C� 	 ' �?>�* 2�D �?>�* 2�E �?>�*�*



, where D �?>+* and E �?>�* eachdenotethestatedriving noisevari-
anceandmeasurementvariance,whichwill berespectively shown
in (2) and(4). Dependencesamongspeechparameter, observa-
tion andnoiseparametercanbeviewedin Figure1.
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Fig. 1. Thegraphicalmodelrepresentationof thedependencesof
thespeechandnoiseparameters.�+� and ��� eachdenotethestate
andGaussianmixturein speechmodels.� 	������ �?>�* and� 	 ' �?>�* each
denotethespeechandnoiseparameter. F 	 �?>�* is thenoisyspeech
observation vector. E �?>�* and D �?>�* eachdenotethe measure-
mentandstatedriving noisevariance.

In mixture ��� at state �+� of speechmodel, speechparame-
ter � 	� � � � �?>+* is assumedto bedistributedin Gaussianwith mean� 	� � � � andvarianceE ���C��� . On theotherhand,sincetheenviron-
mentparameteris assumedto be time varying, the evolution of
theenvironmentmeanvectorcanbemodeledby a randomwalk
function,i.e., � 	 ' �?>�*8� � 	 ' �?> (  &*G��H��?>�* (2)

where H��?>�* is the environmentdriving noisevectorin Gaussian
distributionwith zeromeanandvarianceD �?>�* , i.e., I � 3�J;K&2;D �?>�*�* .
Wethuswrite theprior of speechandnoiseparameterasL � @ � � *4M @ � � ( 0 *�*-�ON&P�QSRUT;P Q L P Q�VWQ I � � 	������ �?>�* J�� 	���C��� 2�E � � � � * (3)I � � 	 ' �?>�* JC� 	 ' �?> (  &* 2�D �?>�*�*CXY� D �?>�*4M D �?> (  Z*�*CXY� E �?>+*4M [$\$]�\4*
where N&P QSRUT P Q and L P Q V Q arethestatetransitionprobability from�+��^`_ to �+� , andmixtureweightof ��� at state�+� respectively.

Furthermore,assumingthat thereare modelingerror in (1)
andmeasurementerror given observation vector F 	 �?>�* in each
mixture ��� , we canwrite thefollowing measurementfunction,F 	 �?>+*8� � 	� � � � �?>�*
�������a�� b��"$#&%c� � 	 ' �?>+* ( � 	� � � � �?>+*�*�*
��de�?>�*

(4)
wherede�?>�* is Gaussianwith zeromeanandvarianceE �?>�* . Ac-
cordingly, the likelihoodof observation vector F 	 �?>�* at state ���
andmixture ��� isL � F 	 �?>�*4M f/�?>+*�*-�hgi� F 	 �?>�* J� 	������ �?>�*G�j�����a�� !�j"$#&%c� � 	 ' �?>+* ( � 	������� �?>+*�*�* 2�E �?>+*�*

(5)

The accumulatedjoint distribution of speechandnoisepa-
rametersequence

@ � K)k9� * andobservationvectorsequenceF 	 �Sl k>�* till frame � is givenas,L � @ � Kmk�� * 2CF 	 �Sl k >�*�*-�OXY� F 	 �Sl�*4M f/�Sl�*�*CX���f/�Sl�*�*�no�p _ L � F 	 �?q�*4M f/�?qr*�*CXY��f/�?q�*4M f/�?q (  &* (6)

The time-varying noiseparameteris estimatedby minimum
meansquareerror (MMSE) estimation,wherethe posteriordis-
tribution L � � 	 ' �?>�*4M F 	 �Sl k >�*�* is givenby marginalizationof (6).
MMSE estimationis givenas�� 	 ' �?>�*s�utrv�wxzy \�{ � 	 ' �?>�*CX�� � 	 ' �?>�*4M F 	 �Sl k >�*�*�| � 	 ' �?>�* (7)

SinceL � � 	���C��� �?>�* 2�� 	 ' �?>�*4M F 	 �?>�*�* is non-Gaussianin � 	������ �?>�*
and � 	 ' �?>�* dueto thenon-linearityin (4), it is difficult to assign
conjugatepriorof �
	' �?>+* to thelikelihoodfunctionL � F}	 �?>�*4M f/�?>�*�* ,
to obtainanalyticalsolutionin (6). Anotherdifficulty lies in the
fact that thereare,in fact,missingdataof speechstateandmix-
ture sequencesin the joint distribution updatingin (6). We thus
rely on thesolutionby sequentialMonteCarlomethod[7].

3. TIME-VARYING NOISE PARAMETER ESTIMATION
BY SEQUENTIAL MONTE CARLO METHOD

WeapplysequentialMonteCarlomethod[7] for joint distribution
updating.At eachframe � , a proposalimportancedistribution is
sampledwhosetarget is the posteriordistribution in (6), and it
is implementedby samplingfrom theproposalimportancedistri-
bution in hierarchy. Themethodgoesthroughthesampling,se-
lection, andsmoothingstepsframe-by-frame.MMSE inference
of the time-varyingnoiseparameteris a by-productof thesteps,
carriedoutafterthesmoothingstep.

In thesamplingstep,theproposalimportancedistribution is
setasfollows,N&P QSRUT P Q L P Q V Q I � � 	������ �?>�* J�� 	������ 2�E ������� *L � D �?>�*4M D �?> (  &*�*CXY� E �?>�*4M [ \ ] \ * (8)

It is sampledhierarchicallyasfollows: set ~ � 0 andperformthe
following steps:

1. sample� y�� {��� N P;�����QRUT P Q
2. sample� y�� {��� L P �����Q VWQ
3. sample� 	 y�� {� ��� �� � ��� �� �?>�* � g�� J��
	� ��� �� � ��� �� 2;E�	� ��� �� � ��� �� *
4. sample���9� D y�� { �?>�* � gi� J ����� D�2W�c� * andsetE y�� { �?>�*s�E �?>�* . Set ~ � ~ � 0
5. repeatstep1 to 4 until ~ � I

wheresuperscript� ~ * denotesthe index of samplesand I de-
notesthenumberof samples.WehaveassignedL � E �?>�*4M [$\W]�\$*s�� � E �?>+* ( E ��;��� * , where

� � K *s� 0 , and � �?���9� D �?>�*4M������ D �?> ( &*�*8�hgi�?����� D �?>�* J ���9� D�26� � * , whereD and � � aresetin ex-
periments.Eachsamplerepresentscertainspeechandnoisepa-
rameter, denotedas@ y�� { � � *A�B� � y�� {� 2;� y�� {� 2C� 	 y�� {� ��� �� � ��� �� �?>�* 2�� 	 y�� {' �?>�* 2�D y�� { �?>�* 2�E y�� { �?>�*�*



Eachsamplehasits weightastheremainingpartin (6), given
as, � y�� { � � *8� L � F 	 �?>�*4M f y�� { �?>�*�*I � � 	 y�� {' �?>�* J�� 	 y�� {' �?> (  &* 2�D y�� { �?>+*�*r�� y�� { �?> (  &* (9)

where �� y�� { � � ( 0 * is theweightof sample~ at previousframe.
Given �� y�� { � � ( 0 * , theremainingof (9) canbecalculatedas

the predictionlikelihood of the statespacemodel given by (2)
and(4) for eachsample� ~ * . This likelihoodcanbeobtainedan-
alytically sinceafter linearizationof (4) with respectto � 	 ' �?>�* at� 	 y�� {'��?> (  &* , an extendedKalmanfilter canbe obtained,where
the predictionlikelihood of the EKF gives the weight, and the
updatedcontinuousstateof EKF gives � 	 y�� {'��?>�* .

In practice,after theabove samplingstep,theweightsof all
but several samplesmay becomeinsignificant. Given the fixed
numberof samples,this will result in degeneracy of the estima-
tion. A selectionstepby residualresampling[7] is adoptedafter
the samplingstep. The methodavoids the degeneracy by dis-
cardingthosesampleswith insignificantweights,andin orderto
keepthenumberof thesamplesconstant,sampleswith significant
weightsareduplicated.Accordingly, theweightsafter theselec-
tion steparealsoproportionallyredistributed. Denotethesetof
samplesaftertheselectionstepas �@ � � *A� .s�@ y�� { � � * J�~ � 0s343+3;Ie7
with weights �� � � *s� . �� y�� { � � * JC~ � 0s34343;Ie7 .

After theselectionstepat frame � , theseI samplesaredis-
tributedapproximatelyaccordingto (6). However, the discrete
natureof the approximationcan lead to a skewed importance
weightsdistribution, wherethe extremecaseis all the samples
have the same �@ � � * estimated.A Metropolis-Hastingssmooth-
ing [9] stepis introducedin eachsamplewherethestepinvolves
samplinga candidate

@b� y�� { � � * given the current �@ y�� { � � * accord-
ing to the proposalimportancedistribution. To simplify calcu-
lation, we assumethat the importancedistribution is symmetric,
andaftersomemathematicalmanipulation,it is shown thatanac-

ceptancepossibility is given by �����r.�0�2Z�1� ����� y � { � ����� y � { 7 . The Markov

chain then moves towards
@b� y�� { � � * with the acceptancepossi-

bility, otherwiseit remainsat �@ y�� { . Denotethe obtainedsam-
ples as �@ � � *¡� . �@ y�� { � � * J�~ � 0s34343;Ie7 with weights �� � � *¡�. �� y�� { � � * JC~ � 0s343+3;I¡7 .

Noiseparameter� 	 ' �?>�* is estimatedvia MMSE over thesam-
ples,i.e., �� 	 ' �?>�*s�£¢¤ � p`¥ �� y�� { �?>+*¦ ¢§ p
¥ �

� y § { �?>+* �� 	 y�� {' �?>�*
where �� 	 y�� {'��?>�* is theupdatedcontinuousstateof theEKF in the
sampleafter the smoothingstep. Oncethe estimate

�� 	 ' �?>�* has
beenobtained,it is pluggedinto (1) to do non-lineartransforma-
tion of cleanspeechmodels.

4. EXPERIMENTAL RESULTS

4.1. Experimental setup

Experimentswere performedon the TI-Digits databasedown-
sampledto 16kHz.Fivehundredcleanspeechutterancesfrom 15
speakersand111utterancesunseenin thetrainingsetwereused
for trainingandtesting,respectively. Digits andsilencewerere-
spectively modeledby 10-stateand3-statewhole word HMMs
with 4 diagonalGaussianmixturesin eachstate.

The window sizewas25.0mswith a 10.0msshift. Twenty-
six filter bankswereusedin thebinningstage.Thefeatureswere
MFCC + ¨ MFCC.Thebaselinesystemhad98.7%WordAccu-
racy undercleanconditions.

Wecomparedthreesystems.Thefirstwasthebaselinetrained
on cleanspeechwithout noisecompensation,denotedas Base-
line, andthesecondwasthesystemwith noisecompensationby
(1) assumingstationarynoise,denotedasNormal. Thethird was
the proposedmethod,denotedaccordingto the numberof sam-
plesandvarianceof theenvironmentdriving noise D �?>+* . In the
experiments,D �?>�*Y� D and � � �©l . Four secondsof contam-
inating noisewasusedin eachexperimentto obtainnoisemean
vector �
	' for Normal. It wasalsofor initialization of �
	' �Sl�* in
the third system.The initial � 	 y�� {'ª�Slr* for eachsamplewassam-
pledfrom I � J�� 	 ' �Sl�* 2 l
« l
 &*G��gi� J�� 	 ' �Slr*G��¬U�Slr* 2  Zl
« l�* , where¬U� K * wasflat distribution in  ( 0 « K&2W® « K�¯ .
4.2. Speech recognition in controlled environments

Thenoisepowerof thecontaminatingWhitenoisewascontrolled
so that, in thefirst experimentdenotedasA, it changedcontinu-
ouslyby a chirp signal. In thesecondexperiment,denotedasB,
the noisepower was changedby a rectangularsignal generator
in thesamechangingfrequency aschirp signalin experimentA.
Thesignal-to-noiseratio (SNR)rangedfrom 0dB to 20.4dB.We
plottedthe noisepower at 12th filter bankversusframesin Fig-
ure 2, togetherwith theestimatednoisepower by thesequential
methodwith numberof samplesI set to 120 andenvironment
driving noisevarianceD setto 0.0001.

Observation from Figure2 is that the methodcan track the
evolution of the noise power. In terms of recognitionperfor-
mance,Table 1 shows that the methodcan effectively improve
systemrobustnessto the time-varying noise. For example,with
60 samples,and D set to 0.001,the methodcanimprove word
accuracy from 75.30%achieved by “Normal”, to 94.28%in ex-
perimentA. Thetablealsoshows that,thewordaccuraciescanbe
improved by increasingnumberof samples.For example,given
environmentdriving noisevarianceD set to 0.0001,increasing
numberof samplesfrom 60 to 120,canimprove word accuracy
from 77.11%to 85.84%in experimentB.

Table 1. Word Accuracy (in %) in controlled experiments,
achieved by the sequentialMonte Carlo methodin comparison
with baselinewithout noisecompensation,denotedasBaseline,
and noisecompensationassumingstationarynoise,denotedas
Normal.

Baseline Normal N = 60 N = 120D D
0.001 0.0001 0.001 0.0001

A 48.19 75.30 94.28 93.98 94.28 94.58
B 53.01 78.01 82.23 77.11 85.84 85.84

4.3. Speech recognition in real noise

In this experiment,speechsignalswerecontaminatedby highly
non-stationaryMachinegunnoisein differentSNRs.Thenumber
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Fig. 2. Estimationof the time-varying parameter� 	 ' �?>�* by the
sequentialMonteCarlomethodat 12thfilter bankin experiment
A (upper)andB (lower). Numberof samplesis 120.Environment
driving noisevarianceis 0.0001. Solid curve is the true noise
power. Dash-dottedcurve is theestimatednoisepower.

of sampleswassetto 120,andtheenvironmentdriving noisevari-
anceD wassetto 0.0001.Recognitionperformancesareshown
in Table2, togetherwith “Baseline”and“Normal”. It is observed
that, in all SNRconditions,themethodcanfurther improve sys-
tem performance,comparedto that obtainedby “Normal”, over
“Baseline”. For example,in 8.86dBSNR, the methodcan im-
prove wordaccuracy from 75.60%by “Normal” to 83.13%.As a
whole,themethodcanhave39.9%relativeworderrorratereduc-
tion comparedto “Normal”.

Table 2. Word Accuracy (in %) in Machinegun noise,achieved
by thesequentialMonteCarlomethodin comparisonwith base-
line without noisecompensation,denotedasBaseline,andnoise
compensationassumingstationarynoise,denotedasNormal.

SNR(dB) Baseline Normal N = 120, é = 0.0001
28.86 90.36 92.77 97.59
14.88 64.46 76.81 88.25
8.86 56.02 75.60 83.13
1.63 50.0 68.98 72.89

Sincethe sequentialMonte Carlo methodapproximatesthe
posteriordistribution of speechandnoiseparametersgiven ob-
servation sequences,it can, in principle, de-noisespeechin the
featurespaceby MMSE inferenceof cleanspeechfrom noisyob-
servation sequences.Unfortunately, in our experimentscarried
out sofar, theresultsby de-noisingspeechwerenot satisfactory,
even a secondarytraining stageof the denoisedspeech,aspro-

posedin [10], hadbeentried.
We alsoconductedexperimentsto comparethemethodwith

sequentialnoisecompensationby sequentialKullback proximal
algorithm [5], which is a generalizationof the sequentialEM
algorithmfor time-varying parameterestimation. In the experi-
ments,wefoundthatthesequentialMonteCarlomethodwith the
abovesettingperformedbetterthanthesequentialKullbackprox-
imal algorithmin Machinegun noise. However, in time-varying
Factorynoise,whichis comparatively lessnon-stationarythanthe
Machinegunnoise,its performancewaslower thanthesequential
Kullback proximal algorithm. It is possibleto achieve thesame
performanceasthesequentialKullbackproximalalgorithmby in-
creasingsamplingnumber I , thoughthe computationload will
beveryexpensive.

5. SUMMARY

WehavepresentedasequentialMonteCarlomethodfor Bayesian
estimationof time-varying noiseparameter. The methoduses
samplesto approximatetheposteriordistribution of theadditive
noiseandspeechparametersgivenobservationsequences.A model
representingnoiseeffects on speechfeatureshasbeenutilized,
andastatespacewith continuousstaterepresentingnoiseparam-
etershasbeenconstructed.ExtendedKalmanfilter of the state
spacemodelprovidesthepredictionlikelihoodto updatesample
weights. Estimateof the time-varying noiseparametersis car-
ried out by MMSE over thesamples,given theweights.Experi-
mentsconductedon digits recognitionin controlledexperiments
andMachinegunnoisehave shown thatthemethodis very effec-
tive to improve systemrobustnessto highly time-varyingadditive
noise.
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