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Abstract

One approachto robust speechrecogtition is to use a sim-

ple speechmodelto remove the distortion,beforeapplyingthe

speectrecogrizer. Previous attemptsat this approachhave re-

lied on unimodalor point estimatesof the noise for eachut-

terance.In challengingacousticervironmerts, e.g., anairport,

the spectrumof the noisechangesrapidly during an utterance,
making a point estimatea poor represetation. We shav how

aniterative form of Laplaces methodcanbe usedto estimate
thecleanspeechusingatime-varying probability modelof the

log-spectraof the cleanspeechnoise and channeldistortion.

We usethis method called ALGONQUIN, to dendse speech
featuresand then feed thesefeaturesinto a large vocahulary

speechrecognizerwhoseWER on the clean Wall StreetJournal
datais 4.9%.When10dB of noiseconsistingof anairplaneen-

gine shuttingdown is addedto the data,the recognzer obtains
aWER of 28.8%. ALGONQUIN reducegshe WER to 12.6%,

well belonv the WER of 25.0% obtainedby our spectralsub-

tractionalgorithm,and closeto the WER of 9.7% obtainedby

theslow procedire of retrainingthe recognizer on trainingdata
corruptedby the exact samenoise. In fact,if ALGONQUIN is

usedto denoisethe noisy training databeforethe recognizeris

retrainedthe WER is improvedto 8.5%. For 10 dB of additive

uniform white noise,our spectrakubtractioralgorithmreduces
the WER from 55.1%to 33.8%. ALGONQUIN reducesthe

WER to 14.2%. The recognizertrainedon noisy dataobtains
a WER of 14%, whereashe recogrizer trainedon noisy data
denoisechy ALGONQUIN obtainsa WER of 9.9%.

1. Intr oduction

Two main approachsto robustspeectrecogrition [1] include
“recognize domdn approachs” (c.f. [2, 3, 4]), wherethe
acoustiaecognitionmodelis modifiedor retrainedo recognze
noisy, distortedspeechand“feature domainapproachs” (c.f.
[5, 6]), wherethe featuresof noisy, distortedspeechare first
denoisecandthenfed into a speechrecogrition systemwhose
acousticrecognitionmodelis trainedon cleanspeech

Oneadwantag of thefeaturedomainappraachovertherec-
ognhizerdomainapproachis that the speechmodeling part of
the denasing modelcanhave muchlower compleity thanthe
full acousticrecogrition model. This canleadto amuchfaster
overall system,since the denoisingprocessusesprobalilistic
inferencein a muchsmallermodel. Also, sincethe compleity
of the denoisingmodelis much lower thanthe complity of
the recognizerthe denoisingmodelcanbe adaptedo new en-
vironmentsmoreeasily or avariety of denoisingnodelscanbe
storedandappliedasneedtd.

Oneconcernabou the featuredomainapproachs thatthe
residualnoise left over after denoisingmay significantly de-

graderecognitionperformance. However, in [6], it is shavn
thatby training the recognize on speechhatis first corrupted
by avariety of noisetypesandthendenoisedisinga particular
method excellentrecognitionresultsareobtainedusingthede-
noisingmethodon new noisetypes.Thisis becaus¢heresidual
noise left by the dendsing methodhasstatisticsthattendto be
similar for differentnoisetypes.This resultjustifiesthefeature
domainapproachwe presentere.

We modd the log-spectraof the cleanspeech noise,and
channé impulse resporse function using mixtures of Gaus-
sians. Therelationshipbetweentheselog-spectraandthe log-
spectrumof the noisy speechis nonlinear leadingto a poste-
rior distribution over the cleanspeectthatis a mixture of non-
Gaussiardistributions.

We shav how aniterative form of Laplaces method(using
the vectorTaylor seriesto approximatea densitywith a Gaus-
sian)canbeusedto infer the cleanspeech Our method,called
ALGONQUIN, improves on previous work using Laplaces
method[8] by modelingthe varianceof the noise and chan-
nelinsteadof usingpoint estimatesby modelingthe noiseand
channé asa mixture of differenttypesinsteadof onetype, by
iteratingLaplaces methodto track the cleanspeechinsteadof
applyingit onceatthemodelcentersandby accouring for the
errorin thenonlinearrelationshipbetweerthelog-spectra.

From experimeris on large vocahulary recognitionusing
the Wall StreetJournd datawith additve white noise, office
noise, and airplaneenginenoise, we find that ALGONQUIN
obtainssignificantly lower WERS than a spectralsubtraction
method.In fact, ALGONQUIN’'s WERsarecloseto the WERs
obtainedby a recognizerthat is retrainedby addingthe test
noiseto the training set. Whenthe noisy training datais de-
noisedby ALGONQUIN beforeretrainingthe recognizerthe
WERsdropsignificantly

2. Model of cleanspeechnoise,channel,
and noisy distorted speech

After describinga probalility model of the class of clean
speechcleanspeechlog-spectrum classof noise, noiselog-
spectrum, class of chanrel, chanrel impulse resporse log-
spectrumandnoisy distortedspeechwe shav how probabilis-
tic inferencein this model can be usedto estimatethe clean
speech.

For clarity, we presenta version of ALGONQUIN that
treatsframesof log-spectrandependently Theextensionof the
version presentechereto HMM modelsof speechnoiseand
channé distortionis analogos to the extensionof a mixture of
Gaussianso anHMM with Gaussiaroutputs.

Following [7, 8], we derive anapproxmaterelationshipbe-
tweenthe log spectraof the cleanspeechnoise,channeland



noisy speech.Assumingadditive noiseandlinear channeldis-
tortion, in thetime domainwe have

y(t) = h(t) x 2(t) + n(t), @)

where“x” indicatescornvolution.

We obtainthe Fouriertransformfor a particularframe (25
msspacedat 10 msintenvals) by applyinga window andcom-
puting the FFT. Assumingthe chanrel frequerty responseds
constantacrosseachmel-frequeng filter band,we obtainthe
mel-frequeng domainrelationship,

Y(f) = H(f)X(f) + N(f). )

Assuming the chanrel impulse responseis shorterthan the
framesize,the enegy spectrums obtainedasfollows:

v (H)I?
=Y ()Y (f)
~ (H(H)X(f) + N(£))" (H(H)X(f) + N(f))
= (H(f)"H(f)(X () X(f)) + (N(f)"N(f))
+ 2Re(N(f)"H(f)X(f)),

= [HAPX AP + NP
+2N(f) H(H)X(f)- 3

If thephaseof thenoiseandthespeeclhareuncorrelatedthelast
termin the above expressim is smallandwe canapproxmate
theenegy spectrumasfollows:

Y (AP = [HOPIX)?+ NI @)

Letting y be the vector containing the log-spedrum
log |Y'(:)|?, and similarly for h, x andn, we can rewrite (4)
as

exp(y) & exp(h) exp(x) + exp(n)
= exp(h + x) + exp(n)
=exp(h+x)o(1l+exp(n—h-—x)), (5

wherethe exp() function operatesn an element-wise€ashion
on its vectorargumentandthe “o” symbd indicateselement-
wiseproduct.

Taking the logarithm, we obtaina function g() thatis an
approximae mappingof h, x andn to y (see[7, 8] for more
details):

y ~g(xnh]") = h+x+In(1+exp(n—h—x)).  (6)

“T indicatesmatrix transposeandIn() andexp() operateon

theindividual elementf their vectoramguments.
Assumingthe errorsin the above approximationare Gaus-
sian,theobsenationlikelihoodis

p(ylx,n,h) = N(y;g([x nh]"), ®), (7)

whereW is the covarian@ matrix of theerrors.

Using a prior p(x,n, h), the goal of denoisingis to infer
thelog-spectrunof the cleanspeechx, giventhelog-spe¢rum
of the noisy speechy. The minimum squareckerror estimateof
x is

x= /xp(x|y), where

p(x|y) oc/ p(y|x,n, h)p(x,n, h). (8)

,h

Thisinferenceis madedifficult by the factthatthe nonlinearity
g([x n h]") in (6) makestheposteriomon-Gaussiaavenif the
prior is Gaussian.

We model the prior p(x,n, h) using a mixture of Gaus-
sians. Let s € {1,..., N;} index the combinel setof Gaus-
sianmixture componets for the speechnoiseandchanné dis-
tortion. We usually startwith a mixture of N, Gaussiangor
the speech V,, Gaussiangor the noise,and N, Gaussiangor
the chanrel, and then comhne theseto producea mixture of
N, = N, N, N}, Gaussiansn thecombinedvector[x n h]T.

Thenoisemodelcanbe estimatedrom silenceperiods(the
methodwe usedin our experiments)r it canbeestimatedrom
thetestutterancauisinga generalizedxpectation-maximization
algorithm,wherethe speechmodelis kept fixed andthe noise
modelis adaptedo thetestutterance.

We usew,, p, andX; to parameteriz¢he mixture model
asfollows:

p(s) = Ts,
p(x,n,h|s) = N(xnh]"; g, Z). )

If the numberof log-spectruncoeficientsis M, thenx, n and
h areM-vectorsandpu, is a3M-vector Weassumehespeech,
noiseandchanrel distortionareindepemlent,so X; is adiago-
nal3M x 3M covariancematrix.

Combining(7) and(9), thejoint distribution over the mix-
ture index, cleanspeech noise,chanrel distortion and noisy
speechis

p(y,x,n,h,s) =
N(y;g(xnh]"), ®)N(xnh]";pu,, S)m.  (10)

3. Probabilistic inferenceby iterating
Laplace’s method

For eachmixture compament s, we use an iterative form of
Laplaces methodto approximae p(x, n, hly, s). Laplaces
methodusesthe vector Taylor seriesto approxmate a density
with a Gaussian.Startingat the mixture centerp,, we com-
putethefirst andsecondorderstatisticsof the posterioranduse
theseto predictthelocationof the mode. We iteratethis proce-
dureuntil corvergenceor for afixed numberof iterations.

In previous work [8], a single application of Laplace$
method (referredto as a vector Taylor seriesapproXmation)
is madeat the meanof the Gaussianspeechcomporent, and
the uncertaintyin the noiseand chamel is not accountedor.
Fortime-varyingervironmentsaccourting for variability in the
noiseandchannéimprovesperformancssignificantly

Letn,® and®, " bethemeanandcovarianceof thecur-
rentapproximatioratiteration:. So,atiteration: we have

p(x,nhly,s) ® N(xnh]";n,? &) @11)

Letg' : R*M — RM x R*M pethe derivative of g() with
respecto its argumert. Sincedifferentelementdn the vectors
of (6) areuncouped, this M x 3M matrixis aconcdenationof
threeM x M diagona matrices.

Usingg’() to obtaina 1stordervectorTaylor seriesexpan-
sion,we obtaintherecursions

@, = (2,7 + g/ (n, ) g (9,)) ", and

3 I3 — 1 — 3 -1
7, =09 4 (2, + g 0,D)TE g (n,))
(2 My =0, D)+ &' (0, )T (y—g(n,)). (12)



Initially, we setn, (¥ = u_ and®,© = x,.

After I iterationsfor every mixture compaents, we use
n," and®,? to computethe posterioresponsibilitiesf the
comporentindexedby s:

P = Xexp (ln Ts — %ln [2730s| + %ln |27 @D
5y~ g, )T (v — g, "))
(BT e ) L, - )8 (0, D )
—%tr(g'(ns(”)T‘P_lg'(m”))@s(”))- (13)

X is thenormalizingconstanthatsatisfiesy", i) = 1.
The minimum squarederror estimateof the cleanspeech,

Z,is
=3 p"n,". (14)
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We applythisalgorithmonaframe-by-framebasis until all
framesin thetestutterancehave beendenoised.

4. Speed

OurresearclC codedenoisegl0frames/secondor 256 speech
comporents,1 noisecomporent,no chanrel model,and5 iter-
ationsof Laplaces method.

We usedmatrix notationin the above descriptionmainly
for brevity. Sinceelement®f x, n, h andy thatarein different
rows do not interactin (6), thematricesn theabove description
are diagoné or block diagonal. Consequatly, the operatiors
areessentiallyscalaroperations.

MATLAB codefor this versionof ALGONQUIN is avail-
ableat http://www.cs.toronto.eduéfrey/aal. The versionnum-
beris ALGONQUINS2. For 256 speechcomporents,1 noise
comporent, no channelmodel, and 5 iterationsof Laplaces
method, this routine is ableto denoiseeachtest utteranceof
the Wall StreetJournalin about2 minuteson a 1GHz Pentium
machine. Several obvious tricks can be usedto gain another
orderof magnituct in speed.

The amountof time neededby this version of ALGO-
NQUIN scalesas O(N; - Ny - Ni,), where N, is the numker
of speectcomponats, NV, is the numberof noisecomporents,
and Ny, is the numbe of channé componets. We have de-
rived afactorizedvariationaltechnique thatreduceghetime to
O(Ng + Ny, + Ny).

5. Experimental resultson largevocalulary
speechrecognition

We presentresultsfor noise addedby compuer to the Wall
StreetJourna data,including uniform white noise,office noise
andhighly time-varying noiseconsistingof an airplaneengine
shuttingdown. In all casesALGONQUIN usesaspeechmodel
consistingof a mixture of 256 Gaussiangrainedon the clean
Wall StreetJournaldata.

Thedenoisedog-spectratoeficientsarecorvertedto cep-
stral coeficients and then fed into the Whisperspeechrecog-
nition system,which includesa languagemodel. This system
obtainsa WER of 4.9%o0n clean Wall StreetJournaltestdata.

For eachtype of noise,we comparethe WER obtainedby
denoisingusingALGONQUIN with the WER obtainedwithout
denoisingand the WER obtainedby denoisingusing spectral
subtractior{6].

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

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

Recognizetrainedon noisy speech 14.0%
Recognizetrainedon ALGONQUIN output  9.9%

Noise-freedata 4.9%

Table2: WER onWall Streetlourna testdatawith office noise,
SNR=-5dB.

Method WER
No denoising 20.2%
Spectrakubtraction 14.2%
ALGONQUIN 9.1%
Recognizetrainedon noisy speech 7.3%
Recognizetrainedon ALGONQUIN outpu  7.2%
Noise-freedata 4.9%

The spectralsubtractiontechnique[6] obtainsa point esti-
mateof the noisespectrumduring “silence” periodsand sub-
tractsthis spectrumfrom the noisy speectspectrum.The sub-
tractionis thresholédto preventthe enegy from goingto low.

In [6], it was shavn that by training the recogrizer on
speechthat is first corruptedby a variety of noisetypesand
thendenoisedisinga particularmethod,excellentrecogrition
resultsare obtainedusing the denoisingmethodon new noise
types.We arecurrentlyobtainingresultsfor ALGONQUIN ap-
plied in this way. For now, we give the WER obtainedby de-
noisingtestdatawith ALGONQUIN andthenfeedingit into a
recognizetthatis trainedon datathathadthe same noiseadded
andwasthendenasedusingALGONQUIN beforetraining. We
comparethis WER with the WER obtainedby trainingtherec-
ognizeron the noisy datawithout first denasing 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

noisemodelis a single Gaussiarwith meanand variancees-
timatedfrom the first 50 silenceframesof eachtestutterance.
Theresultsareshavn in Tablel. ALGONQUIN givesaWER

that is significantly lower thanthe WER obtainedby spectral
subtractionand almostas good as the WER obtainedby the

recognizerthatis trainedon noisy training data. A significant
improvementin WER is obtainedf therecognizeiis trainedon

noisy datathatis first denoisedusing ALGONQUIN.

5.2. Office noise

This noisesequacewasrecordedn anoffice andcontainsyp-
ical office sound, suchasair conditioning computerfan and
disk, keyboardtyping andthe room acoustics.The noiselevel
is -5 dB. The noisemodelis a single Gaussiarwith meanand
varianceestimatedrom the first 50 silenceframesof eachtest
utterance Theresultsareshavn in Table2.

5.3. Air plane enginenoise

Thisnoisesequene wasrecorda atanairportandcontainshe
highly time-varying soundof anaircraftengineshuttingdown,



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

Method WER
No denoising 28.8%
Spectrakubtraction 25.0%
ALGONQUIN, 1 noisecomporent 29.4%
ALGONQUIN, 2 noisecomporents 22.9%
ALGONQUIN, 4 noisecomporents 18.2%
ALGONQUIN, 8 noisecomporents 13.0%
ALGONQUIN, 16 noisecompments 12.6%

Recognizetrainedon noisy speech 9.7%
Recognizetrainedon ALGONQUIN outpu  8.5%
(8 noisecomporents)

Noise-freedata 4.9%

cycling through harmonicghataresimilarto speectharmonics.
We setthe noiselevel to 10 dB. We give resultsfor a noise
modelconsistingof 1, 2, 4, 8 and16 mixture compaents.The
resultsareshowvn in Table3. For this highly time-varyingnoise,
the advartageof the mixture modelover a point estimateor a
singleGaussians clear

6. Discussion

ALGONQUIN is a fasttechniquefor denadsing speechspec-
trum features.n this paper we usedthelog-spectrunfeatures,
althoughthe cepstrunfeaturesor eventheenegy spectrunfea-
turescanbeused.

OntheWall StreetJournd dataset, ALGONQUIN obtains
WERSsthataresignificantlylower thana standardspectralsub-
tractiontechnique[6], and comparale to the performanceob-
tained by the cumbesomeprocessof training the recogrizer
on noisy training data. The WERsobtainedby the recogrizer
trainedon noisy dataimprove if ALGONQUIN is usedto de-
noiseboth the training and testdata. For highly time-varying
noise,we find thatusinga mixture modelfor the noisyleadsto
a significantimprovementover a singleGaussian.

In contrastto previous work using Laplaces method[8],
ALGONQUIN

e accountsfor variability in the featuresfor noise and
channeldistortion(insteadof usinga point estimate)

e accountdor the covarian® betweenthe speecteatures
andthe noiseandchanrel features

e usesan iterative form of Laplaces method that tracks
theinterpolatedestimate®f the speechnoiseandchan-
nel (insteadof beingappliedat the fixed modelcenters)

e accountsfor the errorin the nonlinearrelationshipbe-
tweenthe noisy speechandthe cleanspeechnoiseand
channel

In contrasto therecogrizer domainapproat of Galesand
Young[4], ALGONQUIN usesa small speechmodel (in our
experiments 256 states)}o accountfor the noiseand channel.
Thismeanghemodelcanbeadaptednorequickly to new types
of noise,sincetherecognizettypically hasabout120,000mix-
turestatesIn contrasto Attiaset. al., who performinferencen
atime-domainmodelof the speechalthoughcomputatios are
performedin the frequercy domainfor speed) ALGONQUIN
performsinferencein amodelof thelog-spectrunfeatures.

The researchC code for ALGONQUIN denoises40
frames/secondfor 256 speechcomporents, 1 noise comyo-

nent,no channelmodel,and5 iterationsof Laplaces method.
Straightforvard implementationtricks can be usedto reduce
this time by anorderof magnitude Whenthe numberof noise
comporentsis increasedthe time neededo denoisethe utter

anceincreasesWe have derivedafactorizedvariationalmethod
thatwill allow ALGONQUIN to run significantlyfasterandwe

arecurrentlyrunningexperimers to verify thatthe variational
techniquegivescomparablaVERs.

We are also running experimentson a versionof ALGO-
NQUIN that canestimatethe noisemodelfrom the testutter
ance,even during periodsof non-"silen@”. The procedire of
iterating Laplaces method can be viewed as maximizing an
approximae lower boundon the log-prokability of the testut-
terance. So, it canbe usedasan E-stepin a generalizedEM
algorithm [10]. In the M-step, the parameterf the noise
model are adjustedto increasethe approximatebourd on the
log-probalility of thetestutterance.
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