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Abstract

One approachto robust speechrecognition is to use a sim-
ple speechmodelto remove thedistortion,beforeapplyingthe
speechrecognizer. Previous attemptsat this approachhave re-
lied on unimodalor point estimatesof the noisefor eachut-
terance.In challengingacousticenvironments, e.g., anairport,
the spectrumof the noisechangesrapidly during an utterance,
makinga point estimatea poor representation. We show how
an iterative form of Laplace’s methodcanbe usedto estimate
thecleanspeech,usinga time-varyingprobability modelof the
log-spectraof the cleanspeech,noiseand channeldistortion.
We usethis method, calledALGONQUIN, to denoise speech
featuresand then feed thesefeaturesinto a large vocabulary
speechrecognizerwhoseWERontheclean Wall StreetJournal
datais 4.9%.When10dB of noiseconsistingof anairplaneen-
gineshuttingdown is addedto thedata,therecognizer obtains
a WER of 28.8%. ALGONQUIN reducesthe WER to 12.6%,
well below the WER of 25.0%obtainedby our spectralsub-
tractionalgorithm,andcloseto the WER of 9.7%obtainedby
theslow procedureof retrainingtherecognizeron trainingdata
corruptedby theexactsamenoise.In fact, if ALGONQUIN is
usedto denoisethenoisy trainingdatabeforetherecognizeris
retrained,theWERis improvedto 8.5%.For 10 dB of additive
uniformwhitenoise,our spectralsubtractionalgorithmreduces
the WER from 55.1% to 33.8%. ALGONQUIN reducesthe
WER to 14.2%. The recognizertrainedon noisy dataobtains
a WER of 14%, whereasthe recognizer trainedon noisy data
denoisedby ALGONQUIN obtainsa WERof 9.9%.

1. Intr oduction
Two main approaches to robust speechrecognition [1] include
“recognizer domain approaches” (c.f. [2, 3, 4]), where the
acousticrecognitionmodelis modifiedor retrainedto recognize
noisy, distortedspeech,and“featuredomainapproaches” (c.f.
[5, 6]), wherethe featuresof noisy, distortedspeechare first
denoisedandthenfed into a speechrecognition systemwhose
acousticrecognitionmodelis trainedon cleanspeech.

Oneadvantageof thefeaturedomainapproachovertherec-
ognizerdomainapproachis that the speechmodelingpart of
thedenoising modelcanhave muchlower complexity thanthe
full acousticrecognition model.This canleadto a muchfaster
overall system,sincethe denoisingprocessusesprobabilistic
inferencein a muchsmallermodel.Also, sincethecomplexity
of the denoisingmodel is much lower than the complexity of
the recognizer, thedenoisingmodelcanbeadaptedto new en-
vironmentsmoreeasily, or avarietyof denoisingmodelscanbe
storedandappliedasneeded.

Oneconcernabout the featuredomainapproachis that the
residualnoise left over after denoisingmay significantly de-

graderecognitionperformance.However, in [6], it is shown
thatby training therecognizer on speechthat is first corrupted
by a variety of noisetypesandthendenoisedusinga particular
method,excellentrecognitionresultsareobtainedusingthede-
noisingmethodonnew noisetypes.This is becausetheresidual
noise left by thedenoising methodhasstatisticsthattendto be
similar for differentnoisetypes.This resultjustifiesthefeature
domainapproachwe presenthere.

We model the log-spectraof the cleanspeech, noise,and
channel impulse response function using mixtures of Gaus-
sians.The relationshipbetweentheselog-spectraandthe log-
spectrumof the noisy speechis nonlinear, leadingto a poste-
rior distribution over thecleanspeechthat is a mixtureof non-
Gaussiandistributions.

Weshow how aniterative form of Laplace’s method(using
the vectorTaylor seriesto approximatea densitywith a Gaus-
sian)canbeusedto infer thecleanspeech.Our method,called
ALGONQUIN, improves on previous work using Laplace’s
method[8] by modeling the varianceof the noiseand chan-
nel insteadof usingpoint estimates,by modelingthenoiseand
channel asa mixture of differenttypesinsteadof onetype,by
iteratingLaplace’s methodto track thecleanspeechinsteadof
applyingit onceat themodelcenters,andby accounting for the
errorin thenonlinearrelationshipbetweenthelog-spectra.

From experiments on large vocabulary recognitionusing
the Wall StreetJournal datawith additive white noise,office
noise,and airplaneenginenoise,we find that ALGONQUIN
obtainssignificantly lower WERs than a spectralsubtraction
method.In fact,ALGONQUIN’sWERsarecloseto theWERs
obtainedby a recognizerthat is retrainedby adding the test
noiseto the training set. When the noisy training datais de-
noisedby ALGONQUIN beforeretrainingthe recognizer, the
WERsdropsignificantly.

2. Model of cleanspeech,noise,channel,
and noisydistorted speech

After describing a probability model of the class of clean
speech,cleanspeechlog-spectrum,classof noise,noiselog-
spectrum,class of channel, channel impulse response log-
spectrum,andnoisydistortedspeech,we show how probabilis-
tic inferencein this model can be usedto estimatethe clean
speech.

For clarity, we presenta version of ALGONQUIN that
treatsframesof log-spectraindependently. Theextensionof the
versionpresentedhereto HMM modelsof speech,noiseand
channel distortionis analogous to theextensionof a mixtureof
Gaussiansto anHMM with Gaussianoutputs.

Following [7, 8], wederiveanapproximaterelationshipbe-
tweenthe log spectraof the cleanspeech,noise,channeland



noisy speech.Assumingadditive noiseandlinearchanneldis-
tortion, in thetime domainwe have�����	��

�������������������������	��� (1)

where“ � ” indicatesconvolution.
We obtainthe Fourier transformfor a particularframe(25

msspacedat 10 msintervals)by applyinga window andcom-
puting the FFT. Assumingthe channel frequency responseis
constantacrosseachmel-frequency filter band,we obtain the
mel-frequency domainrelationship,� ����� �"!#�����%$#�����&�(')������* (2)

Assuming the channel impulse responseis shorter than the
framesize,theenergy spectrumis obtainedasfollows:+ � ����� + ,
 � ������- � ������.�/!#�����%$0�������1'0�����	� - �/!#�����%$#��������'0�����	�
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If thephaseof thenoiseandthespeechareuncorrelated,thelast
term in the above expression is smallandwe canapproximate
theenergy spectrumasfollows:+ � ����� + , � + !#����� + ,9+ $#����� + , � + '0����� + , * (4)

Letting < be the vector containing the log-spectrum=?>A@ + � �CB � + , , and similarly for D , E and F , we can rewrite (4)
as 83GIHJ� < ���"83GIH&� D �I83GIH&� E ����83GIH�� F �
"83GIH&� D � E �&��83GIH&� F �
"83GIH&� D � E �&KL�CMN��83GIH�� FPO0DQO)E �	��� (5)

wherethe 83GIHJ��� function operatesin an element-wisefashion
on its vectorargumentand the “ K ” symbol indicateselement-
wiseproduct.

Taking the logarithm,we obtaina function R ��� that is an
approximate mappingof D , E and F to < (see[7, 8] for more
details):< � R �	S EQFQD&TVU � 
 D � E � =?W �CM��X83GIH&� F�OYDZO[E �	��* (6)

“ U ” indicatesmatrix transposeand
=?W ��� and 83GIHJ��� operateon

theindividual elementsof their vectorarguments.
Assumingtheerrorsin theabove approximationareGaus-

sian,theobservationlikelihoodis\�� < + E � F � D �]
�^_� <�`CR �	S EQFaD�T U ����bc��� (7)

where b is thecovariancematrix of theerrors.
Using a prior \�� E � F � D � , the goal of denoisingis to infer

thelog-spectrumof thecleanspeechE , giventhelog-spectrum
of thenoisyspeech< . TheminimumsquarederrorestimateofE is dE 
fehg E \�� E + < ��� where

\�� E + < ��i�ekjml n \�� < + E � F � D �o\�� E � F � D ��* (8)

This inferenceis madedifficult by thefactthatthenonlinearityR �	S EQFQD�T U � in (6) makestheposteriornon-Gaussianevenif the
prior is Gaussian.

We model the prior \�� E � F � D � using a mixture of Gaus-
sians. Let pQqsrht �u*2*u*2��'Yvuw index the combined setof Gaus-
sianmixturecomponents for thespeech,noiseandchannel dis-
tortion. We usuallystartwith a mixture of '[x Gaussiansfor
thespeech,'[y Gaussiansfor thenoise,and 'Lz Gaussiansfor
the channel, and thencombine theseto producea mixture of'YvZ

'Yx9'Yyk'Xz Gaussianson thecombinedvector S EPFQD�T U .

Thenoisemodelcanbeestimatedfrom silenceperiods(the
methodweusedin ourexperiments)or it canbeestimatedfrom
thetestutteranceusingageneralizedexpectation-maximization
algorithm,wherethe speechmodel is kept fixed andthe noise
modelis adaptedto thetestutterance.

We use { v , | v and } v to parameterizethe mixture model
asfollows: \J� p � 
 { v �\�� E � F � D + p � 
�^_�	S EPFaD�T U `~| v � } v ��* (9)

If thenumberof log-spectrumcoefficientsis � , then E , F andD are � -vectorsand | v is a �9� -vector. Weassumethespeech,
noiseandchannel distortionareindependent,so } v is a diago-
nal �A�����9� covariancematrix.

Combining(7) and(9), the joint distribution over themix-
ture index, cleanspeech,noise, channel distortion and noisy
speechis \�� < � E � F � D � p ��
^s� <]`	R �	S EQFQD�T�U ���~�[��^_�	S EcFQD�T�U�`	| v � } v � { v * (10)

3. Probabilistic inferenceby iterating
Laplace’s method

For eachmixture component p , we use an iterative form of
Laplace’s methodto approximate \�� E � F � D + < � p � . Laplace’s
methodusesthe vectorTaylor seriesto approximatea density
with a Gaussian.Startingat the mixture center | v , we com-
putethefirst andsecondorderstatisticsof theposterioranduse
theseto predictthelocationof themode.We iteratethis proce-
dureuntil convergenceor for a fixednumberof iterations.

In previous work [8], a single application of Laplace’s
method(referredto as a vector Taylor seriesapproximation)
is madeat the meanof the Gaussianspeechcomponent, and
the uncertaintyin the noiseandchannel is not accountedfor.
For time-varyingenvironments,accounting for variability in the
noiseandchannel improvesperformancesignificantly.

Let � v;�?�V� and � v ���o� bethemeanandcovarianceof thecur-
rentapproximationat iteration � . So,at iteration � we have\J� E � F � D + < � p � ��^_�	S EQFQD�T�U�`	� v �?�o� � � v ���o� ��* (11)

Let R�� B������������ � ����� be the derivative of R ��� with
respectto its argument. Sincedifferentelementsin thevectors
of (6) areuncoupled,this ���X�9� matrix is aconcatenationof
three ���P� diagonal matrices.

Using R � ��� to obtaina1stordervectorTaylor seriesexpan-
sion,we obtaintherecursions� v �?�V����� 
�� } v;� � � R � � � v �?�o� � U �X� � R � � � v �?�V� �C� � � � and

� v �?�V����� 
 � v �?�o� � � } v � � � R � � � v �?�V� � U �X� � R � � � v �?�V� � � � �� � } v7� � � | v O)� v �?�V� ��� R � � � v �?�o� �	�X� � � <ZO[R � � v �?�o� �	�C�A* (12)



Initially, we set � v �? �� 
 | v and � v �? �� 
 } v .
After ¡ iterationsfor every mixture component p , we use� v �?¢~� and � v �?¢~� to computetheposteriorresponsibilitiesof the

componentindexedby p :£ �?¢~�v 
f¤¥83GIH¥¦ =?W { v O t5 =�W + 5 {�} v + � t5 =?W + 5 {J§ �?¢~�v +
O t5 � <PO)R � � v �?¢~� �	� U �X� � � <PO)R � � v �?¢~� �	�O t5 �%¨k� } v � � � v �?¢~� � O t5 � � v ��¢�� O0| v � U } v � � � � v �?¢~� O)| v �O t5 �%¨k� R � � � v ��¢�� � U � � � R � � � v �?¢~� � � v �?¢~� �%© * (13)

¤ is thenormalizingconstantthatsatisfiesª v £ ��¢��v«
 t .
The minimum squarederror estimateof the cleanspeech,d� , is d��

¬ v £ �?¢~�v � v �?¢~� * (14)

Weapplythisalgorithmonaframe-by-framebasis,until all
framesin thetestutterancehave beendenoised.

4. Speed
OurresearchC codedenoises40frames/second, for 256speech
components,1 noisecomponent,no channel model,and5 iter-
ationsof Laplace’s method.

We usedmatrix notation in the above descriptionmainly
for brevity. Sinceelementsof E , F , D and < thatarein different
rowsdo not interactin (6), thematricesin theabovedescription
arediagonal or block diagonal. Consequently, the operations
areessentiallyscalaroperations.

MATLAB codefor this versionof ALGONQUIN is avail-
ableat http://www.cs.toronto.edu/­ frey/aal. Theversionnum-
ber is ALGONQUINS2. For 256 speechcomponents,1 noise
component, no channelmodel, and 5 iterationsof Laplace’s
method,this routine is able to denoiseeachtest utteranceof
theWall StreetJournalin about2 minuteson a 1GHzPentium
machine. Several obvious tricks can be usedto gain another
orderof magnitude in speed.

The amount of time neededby this version of ALGO-
NQUIN scalesas ® �/' x � ' y � ' z � , where ' x is the number
of speechcomponents, '¯y is thenumberof noisecomponents,
and 'Yz is the number of channel components. We have de-
riveda factorizedvariationaltechnique thatreducesthetime to® �/'Yx��1'°yY�1'°zm� .
5. Experimental resultson largevocabulary

speechrecognition
We presentresultsfor noise addedby computer to the Wall
StreetJournal data,includinguniform white noise,office noise
andhighly time-varying noiseconsistingof anairplaneengine
shuttingdown. In all cases,ALGONQUIN usesaspeechmodel
consistingof a mixture of 256 Gaussianstrainedon the clean
Wall StreetJournaldata.

Thedenoisedlog-spectralcoefficientsareconvertedto cep-
stral coefficientsand then fed into the Whisperspeechrecog-
nition system,which includesa languagemodel. This system
obtainsaWERof 4.9%on clean Wall StreetJournaltestdata.

For eachtype of noise,we comparethe WER obtainedby
denoisingusingALGONQUIN with theWERobtainedwithout
denoisingand the WER obtainedby denoisingusing spectral
subtraction[6].

Table 1: WER on Wall StreetJournaltestdatawith uniform
white noise,SNR= 10 dB.

Method WER
No denoising 55.1%
Spectralsubtraction 33.8%
ALGONQUIN 15.3%

Recognizertrainedon noisyspeech 14.0%
Recognizertrainedon ALGONQUIN output 9.9%

Noise-freedata 4.9%

Table2: WERonWall StreetJournal testdatawith officenoise,
SNR= -5 dB.

Method WER
No denoising 20.2%
Spectralsubtraction 14.2%
ALGONQUIN 9.1%

Recognizertrainedon noisyspeech 7.3%
Recognizertrainedon ALGONQUIN output 7.2%

Noise-freedata 4.9%

Thespectralsubtractiontechnique[6] obtainsa point esti-
mateof the noisespectrumduring “silence” periodsandsub-
tractsthis spectrumfrom thenoisy speechspectrum.Thesub-
tractionis thresholdedto preventtheenergy from goingto low.

In [6], it was shown that by training the recognizer on
speechthat is first corruptedby a variety of noise typesand
thendenoisedusinga particularmethod,excellentrecognition
resultsareobtainedusing the denoisingmethodon new noise
types.Wearecurrentlyobtainingresultsfor ALGONQUIN ap-
plied in this way. For now, we give the WER obtainedby de-
noisingtestdatawith ALGONQUIN andthenfeedingit into a
recognizerthatis trainedon datathathadthesame noiseadded
andwasthendenoisedusingALGONQUIN beforetraining.We
comparethis WER with theWERobtainedby trainingtherec-
ognizeron the noisy datawithout first denoising the data. In
this way, we canseewhetheror not ALGONQUIN makesthe
recognitiontaskeasierfor theretrainedrecognizer.

5.1. Uniform white noise
We added10dB of uniform white noiseto the testdata. The
noisemodel is a singleGaussianwith meanand variancees-
timatedfrom the first 50 silenceframesof eachtestutterance.
Theresultsareshown in Table1. ALGONQUIN givesa WER
that is significantly lower than the WER obtainedby spectral
subtractionand almostas good as the WER obtainedby the
recognizerthat is trainedon noisy training data. A significant
improvementin WERis obtainedif therecognizeris trainedon
noisydatathatis first denoisedusingALGONQUIN.

5.2. Office noise
Thisnoisesequencewasrecordedin anofficeandcontainstyp-
ical office sounds, suchasair conditioning, computerfan and
disk, keyboardtyping andthe room acoustics.Thenoiselevel
is -5 dB. The noisemodelis a singleGaussianwith meanand
varianceestimatedfrom thefirst 50 silenceframesof eachtest
utterance.Theresultsareshown in Table2.

5.3. Air planeenginenoise
Thisnoisesequencewasrecorded atanairportandcontainsthe
highly time-varyingsoundof anaircraftengineshuttingdown,



Table 3: WER on Wall StreetJournaltestdatawith airplane
enginenoise,SNR= 10 dB.

Method WER
No denoising 28.8%
Spectralsubtraction 25.0%
ALGONQUIN, 1 noisecomponent 29.4%
ALGONQUIN, 2 noisecomponents 22.9%
ALGONQUIN, 4 noisecomponents 18.2%
ALGONQUIN, 8 noisecomponents 13.0%
ALGONQUIN, 16 noisecomponents 12.6%

Recognizertrainedon noisyspeech 9.7%
Recognizertrainedon ALGONQUIN output 8.5%
(8 noisecomponents)

Noise-freedata 4.9%

cycling through harmonicsthataresimilarto speechharmonics.
We set the noise level to t2± dB. We give resultsfor a noise
modelconsistingof 1, 2, 4, 8 and16 mixturecomponents.The
resultsareshown in Table3. For thishighly time-varyingnoise,
the advantageof the mixture modelover a point estimateor a
singleGaussianis clear.

6. Discussion
ALGONQUIN is a fast techniquefor denoising speechspec-
trum features.In this paper, we usedthelog-spectrumfeatures,
althoughthecepstrumfeaturesor eventheenergy spectrumfea-
turescanbeused.

On theWall StreetJournal dataset,ALGONQUIN obtains
WERsthataresignificantlylower thana standardspectralsub-
tractiontechnique[6], andcomparable to the performanceob-
tainedby the cumbersomeprocessof training the recognizer
on noisy training data. The WERsobtainedby the recognizer
trainedon noisy dataimprove if ALGONQUIN is usedto de-
noiseboth the training andtestdata. For highly time-varying
noise,we find thatusinga mixturemodelfor thenoisyleadsto
a significantimprovementover a singleGaussian.

In contrastto previous work using Laplace’s method[8],
ALGONQUIN² accountsfor variability in the featuresfor noise and

channeldistortion(insteadof usingapoint estimate)² accountsfor thecovariance betweenthespeechfeatures
andthenoiseandchannel features² usesan iterative form of Laplace’s method, that tracks
theinterpolatedestimatesof thespeech, noiseandchan-
nel (insteadof beingappliedat thefixedmodelcenters)² accountsfor the error in the nonlinearrelationshipbe-
tweenthe noisy speechandthecleanspeech, noiseand
channel

In contrastto therecognizerdomainapproach of Galesand
Young [4], ALGONQUIN usesa small speechmodel (in our
experiments,256 states)to accountfor the noiseandchannel.
Thismeansthemodelcanbeadaptedmorequickly to new types
of noise,sincetherecognizertypically hasabout120,000mix-
turestates.In contrastto Attiaset. al., whoperforminferencein
a time-domainmodelof thespeech(althoughcomputations are
performedin the frequency domainfor speed),ALGONQUIN
performsinferencein a modelof thelog-spectrumfeatures.

The researchC code for ALGONQUIN denoises40
frames/second, for 256 speechcomponents, 1 noise compo-

nent,no channelmodel,and5 iterationsof Laplace’s method.
Straightforward implementationtricks can be usedto reduce
this time by anorderof magnitude. Whenthenumberof noise
componentsis increased,the time neededto denoisetheutter-
anceincreases.Wehavederivedafactorizedvariationalmethod
thatwill allow ALGONQUIN to run significantlyfasterandwe
arecurrentlyrunningexperiments to verify that thevariational
techniquegivescomparableWERs.

We arealso running experimentson a versionof ALGO-
NQUIN that canestimatethe noisemodel from the testutter-
ance,even during periodsof non-”silence”. The procedure of
iterating Laplace’s methodcan be viewed as maximizing an
approximate lower boundon the log-probability of the testut-
terance. So, it canbe usedasan E-stepin a generalizedEM
algorithm [10]. In the M-step, the parametersof the noise
model areadjustedto increasethe approximatebound on the
log-probability of thetestutterance.
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