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ABSTRACT

This paperfocuseson the recognitionof noisy speech. We
show that thedecodingof a noisyspeechwaveformcanbe facil-
itatedif therecognizerhasexplicit knowledgeof whereit should
hypothesizespeechphones,andwhereit shouldmaptheacoustics
to non-speechphones.

We build a speech/non-speechdetectoranduseits outputas
an additional front-endfeature. We show that by appropriately
weighting the contribution of this featurein the decoderandby
modifyingtheacousticmodelsaccordingly, wecanpenalizespeech/
non-speechconfusionsand consequentlyreducethe recognition
errorrate.

This approachgivesa 12% overall error rate reductionon a
widevarietyof recognitiontasksandnoisecharacteristicswithout
degradingperformanceon cleantestdata. A simpleextensionof
the approachboostsrecognitionimprovementson noisy testsets
to 14%overall.

1. INTR ODUCTION

Recognizingspeechin thepresenceof backgroundnoiseis a no-
toriouslydif�cult problemfor which many approacheshave been
proposedin the literature,seee.g. [1]. In this paper, we show
thata surprisinglyhigh percentageof framesalignedto an incor-
rect modelby the recognizerarespeechframesmappedto non-
speechmodelsor vice-versa,asopposedto speechframesbeing
mappedto thewrongspeechmodels.Thisobservationpromptsus
to build an accuratespeech/non-speech(SpNsp)detector, andto
useits outputto modify therecognitionlog-likelihoodfunctionin
suchaway asto penalizeSpNspconfusionsby thedecoder.

This approachis to becontrastedwith recentwork performed
in theAuroracommunity, whereseveralgroupsuseda SpNspde-
tector(“voiceactivity detector”)to labelframesasspeechor non-
speech,anddrop the non-speechframesduring recognition(see
e.g. [2, 3, 4]). This hastheeffect of eliminatingspeechinsertion
errorsin long trailing silenceandnoisesegments,andof signi�-
cantlyreducingerrorrateson theAuroradatabases.

The test dataconsideredin this work is tightly endpointed,
sowe don't expectframedroppingto helpany further. However,
in spiteof its endpointing,thedatastill containsnon-speechseg-
ments,for exampleall theshortpausesthatoccurbetweenwords.
For thoseframes,wein�uencetherecognizerto correctlyhypothe-
sizenon-speechphones.More importantly, ourapproachalsotries
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to prevent the recognizerfrom hypothesizingnon-speechphones
during segmentslabeledasspeechby the detector, which frame
droppingcannotachieve.

This work alsorelatesto a body of literatureconcernedwith
thedevelopementof linguisticallymotivatedfront-ends(seee.g. [5,
6, 7]). In thesestudies,a probabilityof speechis oftenpartof the
proposedfront-end.Our approachdiffers from thesein its useof
theSpNspdetectorto directlyaffect therecognitionsearch.

TheSpNspdetectordevelopedin this work consistsof a neu-
ral network whoseinputsareaseriesof knowledge-basedfeatures
targettedattheidenti�cation of speci�c speechclasses(e.g. voiced
sounds,nasals).Thesefeaturesarecombinedin adata-drivenfash-
ion to estimatethe probability that the current frame is speech.
This probability estimate(asopposedto a 0/1 decisionin frame
dropping)is thenusedto softly penalizethedecoderfor misalign-
ing framesto thewrongphoneclasses.

2. WHY FOCUSON SPEECH/NON-SPEECH?

In anerror-analysisexperiment,weconsideredasetof waveforms
with theirrecognitionhypotheses(Hyp),wordtranscriptions(Ref),
and the phone-level segmentationsof both. We collectedstatis-
tics on the frame-level errors,i.e. frameswheretheHyp andRef
phonesdiffer. Therelativeimportanceof eachtypeof erroris sum-
marizedin Table1.

Nsp � Sp Sp � Nsp Nsp � Nsp Sp � Sp
17% 47% 5% 31%

Table 1. Distribution of FrameError Typesin a Typical Recogni-
tion Run.

Table1 shows that

1. Morethanhalf theframe-level errorsareSpnSpconfusions
(17+ 47= 64%of all frameerrors)

2. Speech/Speechconfusiondoesnot dominatethe errorsas
we mighthave expected(31%of all frameerrors).

Of course,not all frameerrorscorrespondto recognitionerrors,
but a majority do, and this indicatesthat SpNspdistinctionsare
not well coveredby thebaselinerecognitionsystem.



3. SYSTEM ARCHITECTURE

Figure1 illustratesthe proposedarchitecture.A SpNspdetector
estimatesthe probability that the current frame is speech. This
probability is scaledby a constant� (we'll discussthe purpose
of this constantshortly), andappendedto the baselinefront-end
featurevector.
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Fig. 1. Architectureof theProposedSystem.

The augmentedfeaturevector is then fed into a standard3-
statetriphonehiddenMarkov modelsrecognizer, with a Genone-
basedstateclusteringmechanism[8], anddiagonalcovariancema-
trices.

3.1. Modi�cation of the AcousticModels

Clearly, theacousticmodelsusedfor recognitionmustbemodi�ed
to accountfor the additionalSpNspfeature. A straightforward
solutionwould beto retrainthemodelswith theaugmentedfront-
end. Instead,we choseto modify existing � -dimensionalmodels
by arti�cially addingan �������	��

� dimensionto all theGaussians
in themodels.

Werealizethisby tying alongthe �������	�


� dimensionall the

Gaussiansthat model speechphones,andall the Gaussiansthat
modelnon-speechphones.The non-speechGaussians's parame-
tersaresetto ���������������

�����

������ !�	�"� , andthespeechGaussians's
parametersaresetto ����#
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#
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�$�%�
�&�'�	� , i.e. thespeechandnon-
speechmodelsareplacedatadistance� from eachotheralongthe
new dimension.

Theuseof �x ed“binary” modelsfor the ���(�)�	�


� featureis

motivatedby two reasons.First, it simpli�es our experimentation
with theSpNspdetector:we canmodify it any time without hav-
ing to retrainthe acousticmodels. Second,it is compatiblewith
thediscriminative trainingof thedetector(seeSection4.2)whose
outputis a posteriorprobabilitycomprisedbetween0 and1 (or 0
and � afterrescaling).

3.2. Effect of the Additional Feature on the Log-Lik elihood
Function

Theadjunctionof an ���*���"�+

� featurein thefront-endmodi�es
thedecodinglog-likelihoodfunctionaccordingto
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� . Likewise a non-speechframehasa costof 0 when

scoredagainsta non-speechmodel,anda costof �
� whenscored

againsta speechmodel. Theadjunctionof theAdditionalCostef-
fectively penalizesSpNspconfusionsduringthedecodingprocess.

The valueof � canbe optimizedto balancethe contribution
of SpNspto otherphoneconfusions:with �Q�N , thereis no Sp-
Nsppenalty, but as � increases,SpNsperrorsstartdominatingthe
overall costfunction. By performinga sweepover � andtracking
the recognitionperformance,onecanchoosethe optimalweight,

� , for agivenSpNspdetector, againwithoutany modelretraining.
This explicit scalingof theSpNspfeaturepreventsit from be-

ing overwhelmedby the other � featuresin the log-likelihood
function,apropertythatis notsharedby aKarhunen-Loeve decor-
relationof thefeaturevector[6, 7].

4. SPEECH/NON-SPEECHDETECTION

Theprevioussectiondescribedhow a SpNspdetectorcanbeused
to imposea soft SpNspsegmentationof thewaveformon thede-
coder. This sectioninsteaddescribeshow we build the detector.
Thegeneralapproachis thatof de�ning knowledge-basedfeatures,
andassemblingthemin anautomaticdata-drivenfashion.For ex-
ample,we derive featurestargettedat the identi�cation of voiced
or fricative sounds,but ratherthanexplicitely trying to markeach
frameasvoicedor fricative (and thereforespeechasopposedto
non-speech),we combinethesefeatureswith a neural network
whichweoptimizeto distinguishbetweenspeechandnon-speech,
ignoringtheoriginal intendedpurposeof eachfeature.This gives
more�e xibility to thefeaturecombinerto usemultiplecuesto de-
rive its �nal estimate.

4.1. Speech/Non-SpeechFeatures

TheSpNspfeaturesusedin this work include:

R Distanceto Voicing:
A standardpitch tracker estimatesthe voicing level pro-
�le of thewaveform. Regionsabove a given thresholdare
markedasvoiced.Thedistanceto voicing is de�ned asthe
distancebetweenthe currentframeandthe closestvoiced
frame.A distanceof zeroindicatesthattheframeis voiced,
and thusspeech.A large distancehints that the frame is
probablynon-speechsincehumanspeechtypically doesn't
containlongsegmentswith no voicing.

R FrameEnergy:
Theenergy of a frameis a roughindicatorof its SpNspsta-
tus (waveformsareamplitude-normalizedprior to feature
extraction).

R VoicingLevel
Thishelpsidentifyingasspeechvoicedframeswhosevoic-
ing levelmayhavebeentoolow toexceedthevoicingthresh-
old.

R Spectral Tilt
The spectraltilt is de�ned as the ratio of high- to low-
frequency energies. Fricatives typically display a larger
spectraltilt thansteady-statenoisessuchascarnoise.

R Variouscombinationsof theabove featuresandtheir refer-
encingw.r.t. thebackgroundnoiselevel.

4.2. Neural Network FeatureCombiner

For eachframeof data,the above featuresareevaluatedand in-
puttedin a 3-layerfeed-forward neuralnetwork with 400hidden



nodes. The neuralnetwork is trainedon a databaseof 13K sen-
tencesthat have no overlap with the test data, but that display
roughlythesamedistributionof acousticcharacteristics(noisetypes
andlevels,communicationchannels,etc). Thenetwork is trained
to minimize thecross-entropy betweenits outputsandtheknown
statusof thetrainingframes:speechor non-speech.

5. RECOGNITION EXPERIMENTS

The baselinesystemusedin theseexperimentsis a generalpur-
posetriphone-stateHMM recognizer, with a 27-dimensionalmel-
�lterbank cepstralcoef�cient front-end,cepstralmeansubtraction
andstandardnoisereduction. The baselineacousticmodelsare
trainedwith a largeamountof phoneticallyrich, acousticallyvar-
ied, telephonespeech.

Weuseawidevarietyof testsetsto exemplify differentacous-
tic conditions,grammars,andapplications.For conciseness,we
grouptheseinto four databasesasdescribedbelow.

R CarNoisy
This databasecontainsspeechcollectedhandsfreein a car,
over thecellularnetwork. It is generallyverynoisy. It con-
tainsabout4K utterancesfrom 300 speakers,andspans2
grammars:universalcommandsanddigit or alphadigitID
numbers.

R CarNoiseSup
This databasealsoconsistsof handsfreein thecarcellular
speech,but anaggressive noisesuppressionprocessinghas
beenappliedby thehandsfreekit. As a result,thereis lit-
tle perceivablebackgroundnoise,but thespeechsegments
remainnoisy. Thedataalsodisplaysshort,loud, mechani-
cal noises.Thedatabasecontains9K utterancesfrom 100
speakers,andcombines3 grammars:nameandnumberdi-
aling,stockquotes,andtravel arrangementswith datesand
city/statedestinations.

R CarMultiMic
This datawascollectedhandsfreein thecar, with different
microphonesandmicrophoneplacements.Thebackground
noisevariesin level andis essentiallysteady. Thedatabase
contains15K utterances.Thegrammarallowsfor nameand
numberdialing,andtraf�c andweatherreportquerries.

R CleanHandH
This databasecontainsa collection of cleanlandline and
cellular telephonetestsetsassembledfrom a largenumber
of speakers. It combinesmany testsetsspanninga variety
of small and large vocabulary grammars. It was usedto
controltheperformanceof theapproachon datathat is not
affectedby noise.

All the error ratesreportedbelow arenaturallanguageerror
rates(NLERR), andare thusmeasuredat the string level asop-
posedto theword level.

5.1. Perfect KnowledgeExperiments

Theexperimentsreportedin thissectionaimatansweringtheques-
tion: “What recognitiongaincanwe expectwith theproposedap-
proach,assumingwehada perfectSpNspdetector?”.

To answerthis question,we performeda set of recognition
experimentswheretheSpNspfeaturewasobtainedfor eachframe

of testdataby lookingup theforcedalignmentof thewaveformto
its referencewordstring,andde�ning theSpNspfeatureas0 if the
framewasalignedto a non-speechphone,and � otherwise.The
experimentwas repeatedfor differentvaluesof � . The average
recognitionerrorrateover thethreenoisy testdatabasesis shown
in Fig. 2.

Fig. 2. AverageNLERR over all thenoisy testsetsasa function
of themodeldistance� , assumingperfectSpNspknowledge.

Fig. 2 shows that theerror ratesigni�cantly decreasesasthe
distancebetweenthespeechandnon-speechmodels,� , increases
(i.e. a higherpenaltyis imposedon the decoderfor SpNspcon-
fusions),up to anoptimal valueat � �

�

. Passedthat value,the
error ratestartsincreasingslowly, probablybecauseof searcher-
rors.ThebestNLERR improvementis roughly30%.

Table2 shows the breakdown of error ratesfor the different
databases.The improvementsare roughly similar for all condi-
tions,includingthecleantestsets.

Baseline w/ Perfect Rel. NLERR
SpNsp Improv.

CarNoisy 18.3 10.2 44
CarNoiseSup 25.3 17.2 32
CarMultiMic 30.1 21.7 28
CleanHandH 9.4 7.1 26

Table 2. NLERR with thebaselineandSpNspaugmentedrecog-
nition systems,assumingperfectSpNspdetection.

Thoughthesenumbersare encouraging,it shouldbe antici-
patedthatthegainsreportedin Table2 aresigni�cantly higherthan
whatwe mayobtainwith a realSpNspdetector:thedetectorwill
not beperfect,andits outputwill take theform of a probabilityto
modeltheuncertaintywe have in theSpNspestimate.Moreover,
the “truth” in theseexperimentscomesfrom forced alignments,
whichessentially“do whattherecognizerwantsto see”,i.e. match
its modelingandalignmentidiosyncrasies.

5.2. RecognitionExperimentswith the SpNspDetector

This sectionsummarizesthe resultswe obtainedwith the neural
netSpNspdetector.

Figure3 showstheaverageerrorrateoverthenoisytestsets,as
a functionof thefreeparameter, � . Theoverall NLERR improve-
mentis 12%,comparedto 30%in theperfectSpNspexperiments.



Also, the optimal valueof � decreasedfrom 8 to 2.5, indicating
that the recognizercan trust the neuralnet detectorsigni�cantly
lessthattheperfectdetector.

Fig. 3. AverageNLERR over all thenoisy testsetsasa function
of themodeldistance� , usingtheneuralnetSpNspdetector.

Resultsfor individual databasesare summarizedin Table3.
The NLERR gainsare uniform underthe different noisy condi-
tions,but we observe no improvementon the cleandata. This is
somewhatunexpectedgiven thesigni�cant gainon this datawith
the perfectSpNspdetectionassumption.A possibleexplanation
is that in orderto improve cleanperformancewith this approach,
onewould needa tighterSpNspdetectionthanwhat is necessary
to improve on the noisy conditions,andthat we haven't reached
thatlevel of accuracy with ourcurrentSpNspdetector.

Baseline w/ NNet Rel. NLERR
SpNsp Improv.

CarNoisy 18.3 15.8 14
CarNoiseSup 25.3 22.0 13
CarMultiMic 30.1 26.8 11
CleanHandH 9.4 9.3 2

Table 3. NLERR with thebaselineandSpNspaugmentedrecog-
nition systems.

5.3. RecognitionExperiments with SpNspand Voicing Detec-
tors

We saw in Section4.1 thata majorcomponentof theSpNspdec-
tector is a voicing detector. Sincethis detectoris available, we
canalsouseit directly to provide an ��� ���0�



�

feature. Again,
theacousticmodelsareaugmentedin a mannersimilar to thatde-
scribedin Section3.1, settingthemodelmeansto 0 for unvoiced
phones,andto ��� for voicedphones.Recognitionexperimentswith
both featuresshowed that a distance�

�

��� wasan appropriate
choice.Resultswith bothfeaturesaresummarizedin Table4. The
overall NLERR improvementon noisytestsetsincreasesfrom 12
to 14%,improvementson thecleantestsetsremainnegligeable.

6. CONCLUSIONS

In this paper, we proposedto usea SpNspdetectorto imposea
soft SpNspsegmentationof thewaveformto thedecoder, thereby

Baseline w/ SpNsp Rel. NLERR
+ Voicing Improv.

CarNoisy 18.3 15.0 18
CarNoiseSup 25.3 21.2 16
CarMultiMic 30.1 26.3 13
CleanHandH 9.4 9.2 3

Table 4. NLERR with the baselineand(SpNsp+ Voicing) aug-
mentedrecognitionsystems.

easingits taskof “�lling in” thespeechsegments.Weshowedthat:

1. The SpNspdetectoroutput can be usedas an additional
front-endfeature,provided that it is scaledappropriately
to controltheimpactof theadditionalfeatureonthesearch.

2. Thebaselineacousticmodelscaneasilybemodi�ed to ac-
countfor thenew featurewhile convenientlyavoiding any
modelretrainingduringtheSpNspdetectoroptimization.

3. A reasonablyaccurateSpNspdetectorcanbe obtainedby
combiningacousticfeaturesaimedat the identi�cation of
speci�c linguistic classesinto aneuralnetwork thatis opti-
mizedfor SpNspdetection.

This approachbringsa consistent12% relative NLERR im-
provementw.r.t. astate-of-the-artrecognitionbaselinesystemover
a widevarietyof stationaryandnon-stationarybackgroundnoises
andrecognitiontasks.TheNLERRgaincanbeboostedto 14%by
addingin voicing asasecondadditionalfeature.
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