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ABSTRACT

This paperfocuseson the recognitionof noisy speech. We
shav thatthe decodingof a noisy speectwaveform canbe facil-
itatedif therecognizethasexplicit knovledgeof whereit should
hypothesizespeectphonesandwhereit shouldmaptheacoustics
to non-speeciphones.

We build a speech/non-speedtetectorand useits outputas
an additional front-endfeature. We shav that by appropriately
weighting the contritution of this featurein the decoderand by
modifyingtheacoustianodelsaccordinglywe canpenalizespeech/
non-speectconfusionsand consequentlyeducethe recognition
errorrate.

This approachgives a 12% overall error rate reductionon a
wide variety of recognitiontasksandnoisecharacteristicsvithout
degradingperformanceon cleantestdata. A simple extensionof
the approachboostsrecognitionimprovementson noisy testsets
to 14%overall.

1. INTRODUCTION

Recognizingspeechin the presencef backgroundoiseis a no-
toriously dif cult problemfor which mary approachebave been
proposedn the literature, seee.g. [1]. In this paper we shav
thata surprisinglyhigh percentagef framesalignedto anincor
rect model by the recognizerare speechframesmappedto non-
speechmodelsor vice-versa,asopposedo speechHramesbeing
mappedo thewrongspeechmodels.This obseration promptsus
to build an accuratespeech/non-speedSpNsp)detector andto
useits outputto modify the recognitionlog-likelihoodfunctionin
suchaway asto penalizeSpNspconfusionsy thedecoder

This approachs to be contrastedvith recentwork performed
in the Auroracommunity whereseveral groupsuseda SpNspde-
tector(“voiceactvity detector”)to labelframesasspeechor non-
speech,anddrop the non-speectliramesduring recognition(see
e.g. [2, 3, 4]). This hasthe effect of eliminatingspeechinsertion
errorsin long trailing silenceand noisesegments,and of signi -
cantlyreducingerrorratesonthe Auroradatabases.

The test dataconsideredn this work is tightly endpointed,
sowe don't expectframedroppingto help ary further However,
in spiteof its endpointing the datastill containsnon-speeclsey-
ments for exampleall the shortpauseghatoccurbetweerwords.
Forthoseframeswein uencetherecognizeto correctlyhypothe-
sizenon-speeciphonesMore importantly ourapproactalsotries
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to prevent the recognizerfrom hypothesizingnon-speectphones
during segmentslabeledas speechby the detector which frame
droppingcannotachieve.

This work alsorelatesto a body of literatureconcernedvith
thedevelopemenof linguistically motivatedfront-endgseee.g. [5,
6, 7]). In thesestudiesa probability of speechis often partof the
proposedront-end. Our approactdiffers from thesein its useof
the SpNspdetectorto directly affect therecognitionsearch.

The SpNspdetectordevelopedin this work consistof a neu-
ral network whoseinputsarea seriesof knowvledge-basefeatures
targettedattheidenti cation of speci ¢ speecltlassege.g. voiced
soundsnasals) Thesefeaturesarecombinedn adata-drvenfash-
ion to estimatethe probability that the currentframe is speech.
This probability estimate(as opposedo a 0/1 decisionin frame
dropping)is thenusedto softly penalizethe decoderfor misalign-
ing framesto thewrong phoneclasses.

2. WHY FOCUS ON SPEECH/NON-SPEECH?

In anerroranalysisexperimentwe considered setof waveforms
with theirrecognitiorhypothesegHyp), wordtranscriptiongRef),
andthe phone-leel segmentationsof both. We collectedstatis-
tics on the frame-level errors,i.e. frameswherethe Hyp and Ref
phonediffer. Therelativeimportanceof eachtypeof erroris sum-
marizedin Tablel.

[Nsp Sp[Sp
[ 11% |

Nsp[Nsp Nsp | Sp
4% | 5% |

Sp |
3% |

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

Tablel shavsthat

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

2. Speech/Speectonfusiondoesnot dominatethe errorsas
we might have expected(31%of all frameerrors).

Of course,not all frame errorscorrespondo recognitionerrors,
but a majority do, and this indicatesthat SpNspdistinctionsare
notwell coveredby the baselinerecognitionsystem.



3. SYSTEM ARCHITECTURE

Figurel illustratesthe proposedarchitecture.A SpNspdetector
estimateghe probability that the currentframe is speech. This
probability is scaledby a constant (we'll discussthe purpose
of this constantshortly), and appendedo the baselinefront-end
featurevector
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Fig. 1. Architectureof the Proposedystem.

The augmentedeaturevectoris thenfed into a standard3-
statetriphonehiddenMarkov modelsrecognizerwith a Genone-
basedstateclusteringmechanisni8], anddiagonakovariancema-
trices.

3.1. Modi cation of the Acoustic Models

Clearly, theacoustianodelsusedfor recognitionmustbemodi ed
to accountfor the additional SpNspfeature. A straightforvard
solutionwould beto retrainthe modelswith theaugmentedront-
end. Insteadwe choseto modify existing -dimensionaimodels
by arti cially addingan dimensiorto all the Gaussians
in themodels.

Werealizethis by tying alongthe dimensiorall the
Gaussianshat model speechphones,and all the Gaussianghat
modelnon-speeclphones. The non-speectGaussians parame-
tersaresetto , andthe speechGaussians'
parameteraresetto ,i.e. thespeectandnon-
speechmodelsareplacedatadistance from eachotheralongthe
new dimension.

Theuseof x ed“binary” modelsfor the featureis
motivatedby two reasonsFirst, it simpli es our experimentation
with the SpNspdetector:we canmodify it ary time without hav-
ing to retrainthe acousticmodels. Secondjt is compatiblewith
thediscriminatve training of the detector(seeSection4.2) whose
outputis a posteriorprobability comprisedbetweern0 and1 (or O
and afterrescaling).

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

Theadjunctionof an featurein the front-endmodi es
thedecodindog-likelihoodfunctionaccordingo

@)

Assuminga perfectSpNspdetectorwhoseoutput, ,is0
or 1 (or O/ afterscaling),aspeechHramescoredagainsta speech
modelhasan AdditionalCostqualto

. The samespeecHrame scoredagainsta non-speech
model hasan AdditionalCostof
. Likewise a non-speeclirame hasa costof 0 when
scoredagainsta non-speecimodel,anda costof  whenscored
againsta speechmodel. The adjunctionof the AdditionalCostef-
fectively penalizesSpNspconfusionsiuringthedecodingprocess.

Thevalueof canbe optimizedto balancethe contrikution
of SpNspto otherphoneconfusions:with , thereis no Sp-
Nsppenalty butas increasesSpNsperrorsstartdominatingthe
overall costfunction. By performinga sweepover andtracking
the recognitionperformancepne canchoosethe optimal weight,

, for agiven SpNspdetectoyagainwithout ary modelretraining.

This explicit scalingof the SpNspfeaturepreventsit from be-
ing overwhelmedby the other  featuresin the log-likelihood
function,apropertythatis notsharecby aKarhunen-Loee decor
relationof thefeaturevector[6, 7].

4. SPEECH/NON-SPEECHDETECTION

The previous sectiondescribechow a SpNspdetectorcanbe used
to imposea soft SpNspsegmentationof the waveformon the de-
coder This sectioninsteaddescribeshonv we build the detector
Thegenerabpproactis thatof de ning knowledge-basetkatures,
andassemblinghemin anautomaticdata-drvenfashion.For ex-
ample,we derive featuregargettedat the identi cation of voiced
or fricative soundshut ratherthanexplicitely trying to markeach
frame asvoicedor fricative (and thereforespeechas opposedo
non-speech)we combinethesefeatureswith a neural network
whichwe optimizeto distinguishbetweerspeectandnon-speech,
ignoringthe original intendedpurposeof eachfeature. This gives
more e xibility to thefeaturecombinerto usemultiple cuesto de-
riveits nal estimate.

4.1. Speech/Non-Speeckeatures
The SpNspfeaturesusedin thiswork include:

Distanceto \oicing:

A standardpitch tracker estimateshe voicing level pro-
le of thewaveform. Regionsabove a giventhresholdare
marked asvoiced. Thedistanceto voicing is de ned asthe
distancebetweerthe currentframe andthe closestvoiced
frame.A distanceof zeroindicateshattheframeis voiced,
andthusspeech. A large distancehints that the frameis
probablynon-speeclsincehumanspeechtypically doesnt
containlong segmentswith no voicing.

FrameEnegy.

Theenepy of aframeis aroughindicatorof its SpNspsta-
tus (waveformsare amplitude-normalizegbrior to feature
extraction).

\oicing Level

This helpsidentifying asspeechvoicedframeswhosevoic-
ing level mayhave beentoolow to exceedthevoicingthresh-
old.

Spectal Tilt

The spectraltilt is de ned as the ratio of high- to low-
frequeny enegies. Fricatives typically display a larger
spectratilt thansteady-stataoisessuchascarnoise.

Variouscombinationf the above featuresandtheir refer
encingw.r.t. thebackgrounchoiselevel.
4.2. Neural Network Feature Combiner

For eachframe of data,the above featuresare evaluatedandin-
puttedin a 3-layerfeed-forward neuralnetwork with 400 hidden



nodes. The neuralnetwork is trainedon a databasef 13K sen-
tencesthat have no overlap with the test data, but that display
roughlythesamedistributionof acoustiaccharacteristicénoisetypes
andlevels, communicatiorchannelsgtc). The network is trained
to minimize the cross-entrop betweerits outputsandthe knowvn
statusof thetrainingframes:speector non-speech.

5. RECOGNITION EXPERIMENTS

The baselinesystemusedin theseexperimentsis a generalpur-
posetriphone-statéiMM recognizerwith a 27-dimensionamel-
Iterbank cepstrakcoefcient front-end,cepstraimeansubtraction
and standardnoisereduction. The baselineacousticmodelsare
trainedwith alarge amountof phoneticallyrich, acousticallyar-
ied, telephonespeech.

We useawide varietyof testsetsto exemplify differentacous-
tic conditions,grammarsandapplications. For concisenessye
grouptheseinto four databaseasdescribedelow.

CarNoisy

This databaseontainsspeechcollectedhandsfreen acar,
overthecellularnetwork. It is generallyvery noisy It con-
tainsabout4K utterancegrom 300 speakrs, and spans2
grammars:universalcommandsanddigit or alphadigit|D
numbers.

CarNoiseSup

This databaselsoconsistsof handsfreen the car cellular
speechput anaggressie noisesuppressiomprocessindias
beenappliedby the handsfreekit. As aresult,thereis lit-
tle percevable backgroundhoise,but the speectsggments
remainnoisy Thedataalsodisplaysshort,loud, mechani-
cal noises. The databaseontains9K utterancegrom 100
speakrs,andcombines3 grammarsnameandnumberdi-
aling, stockquotesandtravel arrangementwith datesand
city/statedestinations.

CarMultiMic

This datawascollectedhandsfreen the car, with different
microphonesandmicrophoneplacementsThebackground
noisevariesin level andis essentiallysteady The database
containsl5K utterancesThegrammaiallows for nameand
numberdialing, andtraf c andweathereportquerries.

CleanHandH

This databasecontainsa collection of cleanlandline and
cellulartelephoneestsetsassembledrom a large number
of speakrs. It combinesmary testsetsspanninga variety
of small and large vocalulary grammars. It was usedto
controlthe performanceof the approacton datathatis not
affectedby noise.

All the error ratesreportedbelov are naturallanguageerror
rates(NLERR), and are thus measuredht the string level as op-
posedo theword level.

5.1. Perfect KnowledgeExperiments

Theexperimentgeportedn thissectionaimatansweringheques-
tion: “What recognitiongain canwe expectwith the proposedap-
proachassumingve hada perfectSpNspdetector?”.

To answerthis question,we performeda set of recognition
experimentsvherethe SpNspfeaturewasobtainedor eachframe

of testdataby looking up theforcedalignmentof thewaveformto
its referencavord string,andde ning the SpNspfeatureasO if the
framewasalignedto a non-speeciphone,and otherwise. The
experimentwas repeatedor differentvaluesof . The average
recognitionerrorrateover thethreenoisy testdatabaseis shavn
in Fig. 2.
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Fig. 2. AverageNLERR over all the noisy testsetsasa function
of themodeldistance , assumingerfectSpNspknowledge.

Fig. 2 shavs thatthe errorratesigni cantly decreaseasthe
distancebetweerthe speectandnon-speectmodels, , increases
(i.e. ahigherpenaltyis imposedon the decoderfor SpNspcon-
fusions),up to anoptimal value at . Passedhatvalue,the
error rate startsincreasingslowly, probablybecausef searcher-
rors. ThebestNLERR improvementis roughly 30%.

Table 2 shavs the breakdavn of error ratesfor the different
databases.The improvementsare roughly similar for all condi-
tions,includingthe cleantestsets.

Baseline| w/ Perfect | Rel. NLERR
SpNsp Improv.
CarNoisy 18.3 10.2 44
CarNoiseSupg  25.3 17.2 32
CarMultiMic 30.1 21.7 28
CleanHandH 9.4 7.1 26

Table 2. NLERR with the baselineand SpNspaugmentedecog-
nition systemsassumingerfectSpNspdetection.

Thoughthesenumbersare encouragingijt shouldbe antici-
patecdthatthegainsreportedn Table2 aresigni cantly higherthan
whatwe may obtainwith a real SpNspdetector:the detectowill
not be perfect,andits outputwill take theform of a probabilityto
modelthe uncertaintywe have in the SpNspestimate.Moreover,
the “truth” in theseexperimentscomesfrom forced alignments,
which essentiallydo whattherecognizemwantsto see”,i.e. match
its modelingandalignmentidiosyncrasies.

5.2. Recognition Experimentswith the SpNspDetector

This sectionsummarizeghe resultswe obtainedwith the neural
netSpNspdetector

Figure3 shavstheaverageerrorrateoverthenoisytestsetsas
afunctionof thefree parameter . Theoverall NLERR improve-
mentis 12%, comparedo 30%in the perfectSpNspexperiments.



Also, the optimal valueof decreasedrom 8 to 2.5, indicating
that the recognizercantrust the neuralnet detectorsigni cantly
lessthatthe perfectdetector

Fig. 3. AverageNLERR over all the noisytestsetsasa function
of themodeldistance , usingthe neuralnet SpNspdetector

Resultsfor individual databasesre summarizedn Table 3.
The NLERR gainsare uniform underthe different noisy condi-
tions, but we obsere no improvementon the cleandata. This is
someavhat unexpectedgiven the signi cant gainon this datawith
the perfectSpNspdetectionassumption.A possibleexplanation
is thatin orderto improve cleanperformancewith this approach,
onewould needa tighter SpNspdetectionthanwhatis necessary
to improve on the noisy conditions,andthat we haven't reached
thatlevel of accurag with our currentSpNspdetector

Baseline| w/ SpNsp | Rel. NLERR
+ Voicing Improv.
CarNoisy 18.3 15.0 18
CarNoiseSupg  25.3 21.2 16
CarMultiMic 30.1 26.3 13
CleanHandH 9.4 9.2 3

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 the baselineand SpNspaugmenteaecog-
nition systems.

5.3. Recognition Experiments with SpNspand Voicing Detec-
tors

We saw in Section4.1thata majorcomponenbf the SpNspdec-
tectoris a voicing detector Sincethis detectoris available, we
canalsouseit directly to provide an feature. Again,
theacoustiomodelsareaugmentedn a mannersimilar to thatde-
scribedin Section3.1, settingthe modelmeango 0 for urvoiced
phonesandto for voicedphonesRecognitiorexperimentswith
both featuresshaved that a distance was an appropriate
choice.Resultswith bothfeaturesaresummarizedn Table4. The
overall NLERR improvementon noisy testsetsincreasegrom 12
to 14%,improvementson the cleantestsetsremainnegligeable.

6. CONCLUSIONS

In this paper we proposedo usea SpNspdetectorto imposea
soft SpNspsegmentatiorof the waveformto the decoderthereby

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

easingtstaskof “ lling in” thespeectsggments We shavedthat:

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

2. Thebaselineacoustiomodelscaneasilybe modi ed to ac-
countfor the new featurewhile conveniently avoiding ary
modelretrainingduringthe SpNspdetectoroptimization.

3. A reasonablyaccurateSpNspdetectorcanbe obtainedby
combiningacousticfeaturesaimedat the identi cation of
speci ¢ linguistic classednto aneuralnetwork thatis opti-
mizedfor SpNspdetection.

This approachbrings a consistentl2% relatve NLERR im-
provementw.r.t. astate-of-the-amecognitiorbaselinesystenover
awide variety of stationaryandnon-stationarpackgrounchoises
andrecognitiontasks. TheNLERR gaincanbeboostedo 14%by
addingin voicing asa secondadditionalfeature.
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