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ABSTRACT

We presenta sequentiaMonte Carlo methodappliedto additive

noisecompensatioifor robustspeechrecognitionin time-varying

noise. At eachframe, the methodgenerates set of samples,
approximatingthe posteriordistribution of speechandnoisepa-

rametergiven obsenation sequencesll the currentframe. Ex-

plicit modelrepresentingnoiseeffectson speecHeatureds used,
so that an extendedKalman filter is constructedn eachsam-
ple, generatingupdatedcontinuousstateasthe estimationof the

noiseparameterand predictionlik elihood asthe weight of each
samplefor minimum meansquareerror inferenceof the time-

varying noiseparametepver thesesamplesA selectionstepand
a smoothingstepare usedto improve efficieng. Through ex-

periments,we obsered significantperformanceémprovements,
over that achiered by noisecompensatiomwith stationarynoise
assumption.It alsoperformedbetterthanthe sequentiaEM al-

gorithmin Machingunnoise.

1. INTRODUCTION

Speechrecognitionin noisehasbeenconsideredo be essential
for its real applications. Therehave beenactive researclefforts
in this area. Among mary approachesmodel-basedpproach
assumesxplicit modelsrepresentingnoiseeffectson speectea-
tures. In this approachmostresearchesre focusedon station-
ary or slow-varying noiseconditions. In this situation,environ-
mentnoiseparameterareoftenestimatedeforespeectrecogni-
tion, andthenusedto compensateoiseeffectsonthesubsequent
framesof speech.

However, noise statisticsmay vary during recognition. For
example, the contaminatingadditive noiseto a recognizemay
changadueto the movementof recognizerAs aresult,the noise
parametersstimatedrior to speechrecognitionof theutterances
arenolongerrelevantto the subsequenframesof input speech.

A numberof techniqueshave beenproposedo compensate
time-varying noiseeffects. They canbe catgorizedinto two ap-
proachesln thefirst approachtime-varyingernvironmentsources
aremodeledby HiddenMarkov Models(HMM) or Gaussiamix-
turesthat were trained by prior measurement¢f ervironments,
so that noisecompensatioris a task of identificationof the un-
derlying state/mixturesequencesf the noise HMMs/Mixtures,
e.g.,[1][2]. In thesecondapproachernvironmentmodelparame-
tersareassumedo betime-varying,soit is notonly aninference
problembut alsorelatedto environmentstatisticsestimationdur-
ing speechrecognition.Theparametersanbe estimatedy, e.g.,
sequentiaEM algorithm[3][4][5]. They canalsobeestimatedy

Bayesiamapproach.n the Bayesiarapproachall relevantinfor-

mationon the setof environmentparameterandspeectparam-
etersis includedin the posteriordistribution given obseration
sequenceExceptfor a few casesdncluding linear Gaussiarstate
spacemodel(Kalmanfilter), it is formidableto evaluatethe dis-
tribution updatinganalytically Approximationtechniqueshave
beenapplied.For example, Laplacetransformis usedto approxi-
matethedistribution by vectorTaylor serieq6].

We report an alternatve approachfor Bayesianestimation
andcompensatioof noiseeffectson speectieatures Themethod
is basedon sequentiaMonte Carlo method[7] for posteriordis-
tribution approximationln themethod a setof sampless gener
atedhierarchically A statespaceanodelrepresentingoiseeffects
on speechfeaturesis usedexplicitly, to constructan extended
Kalmanfilter (EKF) in eachsample.The predictionlikelihoodof
the EKF in eachsamplegivesits weightfor selectiorandsmooth-
ing of thesamplesandinferenceof thetime-varyingnoiseparam-
eter Noiseparameteestimationnoisecompensatioandspeech
recognitionarecarriedout frame-by-frame.

2. SPEECH AND NOISE MODEL

ThemethodworksonspeecHheatureglervedfrom Mel Frequeng
CepstralCoeficients (MFCC), and it works in the log-spectral
domain.Let ¢t denoteframeindex.

Speechandnoisearerespectiely modeledby HMMs anda
time-varyingGaussiamixture. In casethatspeectrecognitionis
carriedoutin stationaryadditive noise,thefollowing formula[8]
hasbeenshavn to be effectivein compensatingoiseeffects. For
Gaussiammixture k. at states; of speechHMM, it transforms
meanvectorpitkt of the Gaussiammixture by,

fiagic, Pagk, +108(1 + exp(pn — i) (1)

whereg!, is themeanvectorin thenoisemodel.s; € {1,---, S}
andk; € {1,---, M}. S andM eachdenotehenumberof states
in speechmodelsandthe numberof mixturesat eachstate. Su-
perscriptl indicatesthat parametersrein log-spectraldomain.
After transformationthe meanvector ﬂltkt is transformedby
DCT, and then pluggedinto speechmodelsfor recognitionof
noisyspeech.

In caseof time-varying noise, the pln is a function of time,
i.e., uh(t). Accordingly thecompensatecheanis i, i, (t).

We areinterestedn estimateof pl, (t). Denotejoint speech
andnoiseparametens

O(t) = (st, kt, tayice (£), im (t), V(£), W (1))



, whereV (t) and W (t) eachdenotethe statedriving noisevari-
anceandmeasurementariancewhichwill berespectiely shavn
in (2) and(4). Dependenceamongspeechparameterobsena-
tion andnoiseparametecanbeviewedin Figurel.

Fig. 1. Thegraphicalmodelrepresentationf thedependencesf
the speechandnoiseparameterss; andk; eachdenotethe state
andGaussiamixturein speechmodels., ., (t) andpuy (t) each
denotethespeectandnoiseparameterY’ (t) is thenoisyspeech
obsenration vector W(t) and V(t) eachdenotethe measure-
mentandstatedriving noisevariance.

In mixture k; at states; of speechmodel, speechparame-
teru;tkt (t) is assumedo be distributedin Gaussiarwith mean
ultkt andvarianceWs, x, . Ontheotherhand,sincetheerviron-
mentparameteiis assumedo be time varying, the evolution of
the ervironmentmeanvectorcanbe modeledby a randomwalk
function,i.e.,

fin(t) = pin (b = 1) + v(t) @
wherev (t) is the ernvironmentdriving noisevectorin Gaussian

distributionwith zeromeanandvarianceV (t),i.e.,N(-; 0, V(t)).
We thuswrite the prior of speeclandnoiseparameteas

p(®(t)|®(t - 1)) = Qs;_q18:Pstks N(I”’;tkg (t); Hlstkta Wstkt) (3)
N (8); pon (£ — 1), V(£))P(V(£)[V (£ — 1))p(W (t)[stke)

whereas,_,s, andps,x, arethestatetransitionprobability from
s¢+—1 to s¢, andmixtureweightof k; at states; respectiely.
Furthermore assumingthat there are modelingerror in (1)
and measuremengrror given obsenation vector Y'(t) in each
mixture k., we canwrite thefollowing measuremerftinction,

Y'(t) = foyie, () +10g (1 + exp (1n(t) = fisy1e, (1)) + W((z))
wherew (t) is Gaussiawith zeromeanandvarianceW (t). Ac-
cordingly the likelihood of obseration vector Y'(t) at states;
andmixturek; is

p(Y'(£)|®(t)) = N(Y'(t);
Haulee (£) +108 (1 + exp (1n (£) — Haeke (1)), W (H))
®)

The accumulatedoint distribution of speechand noise pa-
rameteisequenc®(0 : t) andobserationvectorsequenc&(0 :
t) till framet is givenas,

p(©(0:),Y'(0: t)) = p(Y'(0)|©(0))p(©(0))
[[r¥'@eE)p@@m)er-1) (6)

T=1

The time-varying noiseparameteis estimatedoy minimum
meansquareerror (MMSE) estimation,wherethe posteriordis-
tribution p(pk (t)[Y*(0 : t)) is given by mamginalizationof (6).
MMSE estimationis givenas

A (6) = / P OP(L©)YH0  )du(e)  (7)
ph(®)

Sincep(pih, i, (t), o (£)Y'(t)) is non-Gaussiain i}, , (t)
and b (t) dueto the non-linearityin (4), it is difficult to assign
conjugateprior of i}, (t) tothelik elinoodfunctionp(Y'(t)|@(t)),
to obtainanalyticalsolutionin (6). Anotherdifficulty liesin the
factthatthereare,in fact, missingdataof speechstateand mix-
ture sequence the joint distribution updatingin (6). We thus
rely onthe solutionby sequentiaMonte Carlomethod[7].

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

We applysequentiaMonteCarlomethod7] for joint distribution
updating. At eachframet, a proposalimportancedistribution is
sampledwhosetarget is the posteriordistribution in (6), andit
is implementedy samplingfrom the proposaimportancedistri-
bution in hierarchy The methodgoesthroughthe sampling,se-
lection, and smoothingstepsframe-by-frame.MMSE inference
of the time-varying noiseparameteis a by-productof the steps,
carriedout afterthe smoothingstep.

In the samplingstep,the proposalimportancedistribution is
setasfollows,

a’st—lstpstktN(p‘ltkt (t); p’lstkt’ Wstkt)
p(V(£)[V(t —1))p(W(t)[scke) 8

It is samplechierarchicallyasfollows: seti = 1 andperformthe
following steps:

1. samplesg” ~a )
Si-1

St

2. samplekt(” ~ PGy,
1(i) .t 1

3. sampley ¢y ) (6) ~ NG o 00 W o, m)
t t t t t t

4. sampldog V& (t) ~ N(;log V, Zv) andsetW & (t) =
W(t). Seti =i+ 1
5. repeatsteplto4untili = N

where superscript(z) denotesthe index of samplesand N de-
notesthenumberof samplesWehave assignegh( W (t) |stkt) =
(W (t)—Wg,k, ), Whered(0) = 1,andP(log V(t)|log V(t—
1)) = N(log V(t);log V, Xv), whereV andXv aresetin ex-
periments.Eachsamplerepresentgertainspeechand noisepa-
rameteydenotechs

i i A 1(i i i i
0W(t) = (s, k", 13} o (6), 1 (8), VI (£), W)
t t



Eachsamplehasits weightastheremainingpartin (6), given
as,

A1) = p(Y'(t)[©P (1))
N (0); (6 = 1), VE©)3P(6 - 1) (9)

where3® (t — 1) is theweightof samplei at previousframe.
Given 3% (¢ — 1), the remainingof (9) canbe calculatedas
the predictionlikelihood of the statespacemodel given by (2)
and(4) for eachsample(z). This likelihoodcanbe obtainedan-
alytically sinceafterlinearizationof (4) with respecto yl, (t) at

plr,(i) (t — 1), an extendedKalmanfilter canbe obtained,where
the predictionlikelihood of the EKF gives the weight, and the
updatectontinuousstateof EKF givesun® (t).

In practice,afterthe abose samplingstep,the weightsof all
but several samplesmay becomeinsignificant. Given the fixed
numberof samplesthis will resultin degenerag of the estima-
tion. A selectionstepby residualresamplind7] is adoptedafter
the samplingstep. The methodavoids the degenerag by dis-
cardingthosesampleswith insignificantweights,andin orderto
keepthenumberof thesamplexonstantsamplewith significant
weightsareduplicated.Accordingly the weightsafterthe selec-
tion steparealsoproportionallyredistrituted. Denotethe setof
samplesftertheselectiorstepasO(t) = {0@ (t);i =1--- N}
with weights3(t) = {8 (t);i =1--- N}.

After the selectionstepat framet, theseN samplesaredis-
tributed approximatelyaccordingto (6). However, the discrete
natureof the approximationcan lead to a skewed importance
weightsdistribution, wherethe extreme caseis all the samples
have the same©(t) estimated.A Metropolis-Hastingsmooth-
ing [9] stepis introducedin eachsamplewherethe stepinvolves
samplinga candidate®*¥) (t) given the current®'®)(¢) accord-
ing to the proposalimportancedistribution. To simplify calcu-
lation, we assumehat the importancedistribution is symmetric,
andaftersomemathematicamanipulationjt is shavn thatanac-
ceptancepossibility is given by min{1, BB.*(;)((:)) }. The Markov
chain then moves towards ©*(¥)(t) with the acceptancepossi-
bility, otherwiseit remainsat 8. Denotethe obtainedsam-
plesasO(t) = {6@(t);i = 1--- N} with weights 3(t) =
{BO@)i=1.--N}.

Noiseparametep., (t) is estimatedsia MMSE overthesam-
ples,i.e.,

do e B g
fn(t) = ; 72}11 5(j)(t)un (t)

Wherepl,(i) (t) is theupdatedcontinuousstateof the EKF in the

sampleafter the smoothingstep. Oncethe estimatejil, (t) has
beenobtained,t is pluggedinto (1) to do non-lineartransforma-
tion of cleanspeechmodels.

4. EXPERIMENTAL RESULTS

4.1. Experimental setup

Experimentswere performedon the TI-Digits databasedowvn-
sampledo 16kHz. Five hundredcleanspeechutterance$rom 15
speakrsandl111utterancesinseerin thetraining setwereused
for training andtesting,respectiely. Digits andsilencewerere-
spectvely modeledby 10-stateand 3-statewhole word HMMs
with 4 diagonalGaussiammixturesin eachstate.

The window sizewas 25.0mswith a 10.0msshift. Twenty-
six filter bankswereusedin the binningstage. Thefeatureswvere
MFCC + A MFCC. Thebaselinesystemhad98.7%Word Accu-
ragy undercleanconditions.

We comparedhreesystemsThefirstwasthebaselingrained
on cleanspeechwithout noise compensationdenotedas Base-
line, andthe secondwasthe systemwith noisecompensatioiy
(1) assumingstationarynoise,denotecasNormal. The third was
the proposedmethod,denotedaccordingto the numberof sam-
plesandvarianceof the ervironmentdriving noiseV (t). In the
experiments)V (t) = V andXy = 0. Four second®f contam-
inating noisewasusedin eachexperimentto obtainnoisemean
vector pl, for Normal. It wasalsofor initialization of L, (0) in
the third system. Theinitial pi” (0) for eachsamplewas sam-
pledfrom N(; p4(0),0.01) + N(; 5 (0) + ¢(0), 10.0), where
¢(0) wasflat distributionin [—1.0, 9.0].

4.2. Speech recognition in controlled environments

Thenoisepower of thecontaminating/Vhite noisewascontrolled
sothat, in thefirst experimentdenotedasA, it changecdontinu-
ously by a chirp signal. In the secondexperiment,denotedasB,
the noisepower was changedby a rectangularsignal generator
in the samechangingfrequeng aschirp signalin experimentA.
The signal-to-noiseatio (SNR) rangedfrom 0dB to 20.4dB.We
plottedthe noisepower at 12thfilter bankversusframesin Fig-
ure 2, togetherwith the estimatechoisepower by the sequential
methodwith numberof samplesNV setto 120 and ervironment
driving noisevarianceV setto 0.0001.

Obsenation from Figure 2 is thatthe methodcantrack the
evolution of the noise power. In termsof recognitionperfor
mance, Table 1 shawvs that the methodcan effectively improve
systemrobustnesgo the time-varying noise. For example,with
60 samplesand 'V setto 0.001,the methodcanimprove word
accuray from 75.30%achieved by “Normal”, to 94.28%in ex-
perimentA. Thetablealsoshaws that,theword accuraciesanbe
improved by increasingnumberof samples.For example,given
ernvironmentdriving noisevarianceV setto 0.0001,increasing
numberof sampledrom 60 to 120, canimprove word accurag
from 77.11%to 85.84%in experimentB.

Table 1. Word Accuray (in %) in controlled experiments,
achieved by the sequentialMonte Carlo methodin comparison
with baselinewithout noisecompensationdenotedas Baseline,
and noise compensatiorassumingstationarynoise, denotedas
Normal.

Baseline| Normal N =60 N =120
VvV A\
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,speectsignalswere contaminatedy highly
non-stationanpMachingunnoisein differentSNRs.Thenumber
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Fig. 2. Estimationof the time-varying parameter, (t) by the
sequentiaMonte Carlo methodat 12thfilter bankin experiment
A (upper)andB (lower). Numberof sampless 120. Environment
driving noisevarianceis 0.0001. Solid curwe is the true noise
power. Dash-dottedturve is the estimatechoisepower.

of samplesvassetto 120,andtheernvironmentdriving noisevari-
anceV wassetto 0.0001. Recognitionperformancesreshavn
in Table2, togethemwith “Baseline”’and“Normal”. It is obsered
that, in all SNR conditions,the methodcanfurtherimprove sys-
tem performancecomparedo that obtainedby “Normal”, over
“Baseline”. For example,in 8.86dB SNR, the methodcanim-
prove word accurag from 75.60%by “Normal” to 83.13%.As a
whole,themethodcanhave 39.9%relative word errorratereduc-
tion comparedo “Normal”.

Table 2. Word Accuray (in %) in Machingun noise,achiezed
by the sequentiaMonte Carlo methodin comparisorwith base-
line without noisecompensationdenotedasBaseline,andnoise
compensatioassumingstationarynoise,denotedasNormal.

SNR(dB) || Baseline| Normal | N =120,V =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 sequentiaMonte Carlo methodapproximateghe
posteriordistribution of speechand noise parametergiven ob-
senation sequencest can,in principle, de-noisespeechn the
featurespaceby MMSE inferenceof cleanspeechHrom noisyob-
senation sequences.Unfortunately in our experimentscarried
out sofar, the resultsby de-noisingspeechwerenot satistctory
even a secondanytraining stageof the denoisedspeechas pro-

posedn [10], hadbeentried.

We alsoconductedexperimentso comparethe methodwith
sequentiahoisecompensatioy sequentiaKullback proximal
algorithm [5], which is a generalizationof the sequentialEM
algorithmfor time-varying parameteeestimation. In the experi-
mentswe foundthatthe sequentiaMonte Carlomethodwith the
above settingperformedetterthanthe sequentiakullback prox-
imal algorithmin Machingyun noise. However, in time-varying
Factorynoise whichis comparatiely lessnon-stationaryhanthe
Machingyun noise,its performancevaslower thanthe sequential
Kullback proximal algorithm. It is possibleto achie/e the same
performancasthesequentiaKullbackproximalalgorithmby in-
creasingsamplingnumberNV, thoughthe computationioad will
bevery expensve.

5. SUMMARY

We have presented sequentiaMonte Carlomethodfor Bayesian
estimationof time-varying noise parameter The methoduses
samplego approximatethe posteriordistribution of the additive
noiseandspeeclparametergivenobsenationsequencesA model
representingnoise effects on speechfeatureshasbeenutilized,
anda statespacewith continuousstaterepresentingnoiseparam-
etershasbeenconstructed.ExtendedKalmanfilter of the state
spacemodelprovidesthe predictionlikelihoodto updatesample
weights. Estimateof the time-varying noise parameterss car
ried out by MMSE over the samplesgiven the weights. Experi-
mentsconductecdn digits recognitionin controlledexperiments
andMachingun noisehave shavn thatthe methodis very effec-
tive to improve systenrobustnesgo highly time-varyingadditive
noise.
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