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ABSTRACT

Recently Li et al. proposeda newv auditory featurefor robust
speectrecognitionin noiseervironments. The new featurewas
derived by mimicking closelythefunctionof humanauditorypro-
cess.Severalfilters were usedto modelthe outerear middle ear
andcochleaandtheinitial filter parametersindshapesvere ob-
tainedfrom crudepsychoacousticeesults,experience or experi-
ments.Althoughonemayadjustthefeatureparameterdy handto
getbetterperformancethe resultingfeatureparameterstill may
not be optimal in the senseof minimal recognitionerrors, espe-
cially for differenttasks.To furtherimprove the auditoryfeature,
in this papemwe applydiscriminatize trainingto optimizethe audi-
tory featureparametersvith someguidancefrom psychoacoustic
evidencebut otherwisein a data-drven approachso asto mini-
mizetherecognitionerrors.Onesignificantcontribution over sim-
ilar efforts in the past,suchasdiscriminatve featureextraction,is
thatwe make no assumptioron the parametricform of the audi-
tory filters. Instead we only requirethefilters to be smoothand
triangularlike assuggestedby psychoacousticeesearchOur ap-
proachis evaluatedon the Aurora databasend achieres a word
errorreductionof 19.2%.

1. INTRODUCTION

In automaticspeechrecognition(ASR),thedesignof acoustianod-
elsinvolvestwo maintasks:featureextractionanddatamodeling.
AcousticfeaturesuchasLPCC,MFCC,PLParecommonlyused;
and the most populardatamodelingtechniquesn currentASR
are basedon hiddenMarkov modeling(HMM). Recently Li et
al. proposech new auditoryfeaturefor robustspeectrecognition
basedon ananalysisof the humanperipheraluditorysystenm[1].
In the approachthe auditory systemis first divided into several
modulestheneachmoduleis modeledfrom a signal processing
pointof view with a constrainton computationatompleity. The
featurecomputationis comprisedof an outermiddle-eartransfer
function, FFT, corversionfrom linearfrequeng scaleto the Bark
scale,auditoryfiltering, non-linearity and discretecosinetrans-
form (DCT). As reportedin [1], the nen auditoryfeatureoutper
formed MFCC, LPCC, and PLP, in noiseervironments,andthe
majorimpravementwasattributedto the new auditoryfilters. Al-
thoughin the new auditoryfeatureplatform, thefilter shapesand
otherparameterganbe adjustedeasilythroughexperimentsthe
filters still maynotbeoptimalin the senseof minimal recognition
errors,especiallyunderthe context of differenttasks.
Traditionally, in ASR, featureextractionandacousticmodel-
ing areaddressedeparatelywhich may not resultin an optimal
recognitionperformance Several approachebave beenproposed
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to optimizefeatureparameterssingdiscriminativefeature extrac-
tion (DFE) alongwith the optimizationof modelparametersinder
the unified framevork of MCE/GPD (minimum classificationer-

ror andgeneralizegprobabilisticdescent)2, 3]. The pastefforts
on DFE maybedividedinto two major catgories:

(1) Most DFE-relatedworks were basedon commonfeatures
such as log power spectra[4], mel-filterbanklog power
spectral5], and LPCC [6] and discriminatively traineda
transformationnetwork to obtain nev discriminatve fea-
turesfor the following datamodelingprocess.Notice that
thesework did not touch the front-end signal processing
modulethatderivesinputsto theirtransformatiometworks.

(2) In contrast,Alain Biem et al. [7] appliedjoint discrimi-
native training on bothHMM parameterandfilters in the
front-end. Two kinds of filter parameterizatiomveretried:
Gaussiarfilters or free-formedfilters. The taskswererel-
atively simple to todays standard,and the improvement
wassmall. Furthermorethe free-formedfilters performed
worsethanGaussiatilters.

In this paperwe attemptto designtheauditoryfiltersinvolved
in the extractionof our new auditoryfeatureswithout makingan
assumptioron the parametridorm of the auditoryfilters. Instead,
guidedby psychoacoustievidenceswe only requirethefilters to
be smoothandtriangularlike. Oneof the challengess to derive a
mathematicaéxpressiorfor afilter satisfyingthe two constraints.
We achieve this throughtwo parametespaceransformations.

2. AUDITORY FILTER DESIGN

We postulatehattheuseof Gaussiarmuditoryfiltersin [7] maybe
too restrictve; however, the suggestiorof absolutelyfree-formed
filters in [7] is not supportedby psychoacoustid¢indings either
We believe thatthe shapeof humanauditoryfiltersis not arbitrary
andtheir propertiesshouldbe obsered in our discriminatve au-
ditory filter design. Basedon the findingsfrom psychoacoustics,
we requireour auditoryfilter responséo satisfythefollowing two
constraints:

Constraint #1 : it is triangularlike. Thatis, all its weightsmust
be positive with a maximumresponsef 1.0 somavherein
themiddle,andthenits valuestaperoff to bothends;and,

Constraint #2 : it is differentiable.

In ourfeatureextraction,a 128-pointBark spectrunfrom FFT
andthe outermiddle-eartransferfunction wasfed to 32 auditory
filters asin thecochlea.Thefilters wereequallyspaceditaninter-
val of 4 pointsapartin the spectrumThus,afterauditoryfiltering,
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Fig. 1. A constrainedhuditoryfilter of the k-th channel

the128-pointinput spectrumwasconvertedto 32 channekenegies
from which ceptsrawerecomputedusingDCT. An auditoryfilter
of our systemhasthe designasdepictedn Fig. 1(a),onefor each
channellt canbethoughtof asatwo-layerperceptromwithoutary
nonlinearity Theweightwgy, in thesecondayerperceptroris the
gain of the auditoryfilter while the weightsin the first layer are
the normalizedfilter weights. Although the two-layerperceptron
is equialentto a single-layemperceptronthe designallows usto
examinetheresultingfilter shapesndgainsseparately

A filter satisfyingthe two aforementioneatonstraintscanbe
implementedhroughtwo successie parametespaceransforma-
tions. For a digital filter with (2L + 1) points, we associate¢he
filter weights{ w—r,...,w-1, wo, w1,...,wr} with a setof
deltas {6-z,...,d-1,01,...,d.} sothatafter parametetrans-
formation and properscaling,d; will be equivalentto Aw; (see
Fig. 1(b)). Positvely-indexedweightsarerelatedto the positively-
indexed deltasmathematicallyasfollows:

J
w=1-FO)_H®@®)) , j=1,...,L @)
i=1

whereF'(.) and H(.) areary monotonicallyincreasingfunctions
suchthat

00< F(z)<1.0 and 0.0 < H(z). @)

Similarly, negatively-indexedweightsarerelatedo thenegatively-

indexed deltas. The motivation is that we wantto subtractmore
positive quantitiesfrom the maximumweightw, = 1 aswe move

towardsthetwo endsof thefilter. Eqn.(1)involvestwo transforma-
tions: H(.) is ary monotonicallyincreasingunction which turns
arbitrarily-valued deltasto positve quantities;and, F'(.) is ary

monotonicallyincreasingfunction that restrictsthe sumof trans-
formeddeltasto lessthanunity. In this paperwe usethe exponen-
tial functionas H (z) andthe sigmoidfunctionas F(z).

3. DISCRIMINATIVE AUDITORY FEATURE (DAF)

In our acousticmodeling,therearetwo typesof free parameters
0 = (A, ®): theHMM parameters\ andthe parametersp that
controlfeatureextraction(FE). Theformerincludestatetransition
probabilitiesandobsenrationprobabilitydistributionfunctions;and,
the latter consistof innerear auditory filters in our filter-bank-
basedeatureextraction. All theseparametersveretrainedin the
discriminatve framewvork of MCE/GPD.

3.1. Re-estimation formulas

Variousfeatureextractionparameteraredenotedasfollows:

e: : FFT inputsto auditoryfilters attime¢

Ut : outputsfrom auditoryfilters attime ¢

Zt : channebutputsattime ¢

Tt : acoustideaturesattime ¢

v : staticacousticfeaturesattime ¢

vy : deltaacoustideaturesattime ¢

wgk : gainof thefilter in the k-th channel

Wak : weightsof the k-th filter

Ok : supplementargleltasassociateavith weq
Yik . intermediateoutputof the k-th filter

Theseparametemnotationsare alsoillustratedin Fig. 2. As
usual,vectorsarebold-faced.

Theempiricalexpectedstring-basednisclassificatiorerror £,
is definedas

LO)= Y LO)= Y Ix) O

where X, is oneof the N, trainingutterancesy(.) is a distance
measurefor misclassificationsand, I(.) is a soft errorcounting
function. We followed the commonpracticeof usingthe sigmoid
functionfor countingsoft errorsandusinglog-likelihoodratio be-
tweenthe correctstring andits competinghypothesessthe dis-
tancefunction. i.e. d(X;) = Gi(X;) — g:(X:) in which the dis-
criminantfunctiong(.) is thelog-likelihoodof adecodinghypoth-
esisof anutteranceandG; (X;) is thelog of themeanprobabilities
of its N, competingstringsthatis definedas:

N 1/n
1 .
Gi(Xi) = log | = > exp(ngi(Xi)) - 4
€ j=1ij#i

To optimizeary parametef) € O, onefindsthe deriative of
thelossfunction £ w.r.t. 8 for eachtrainingutteranceX;:

99,  8g;
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To evaluateEqn.(5),o0nehasto find the partial derivative of g;
w.r.t. ary trainableparametersWe will droptheutterancendex i
for clarity from now on. Also, sincemary works have beendone
on discriminative training of HMM parametersvith MCE/GPD,
one may refer the tutorial paper[3] for the re-estimatiorformu-
las of HMM parameteraindwe will only presenthoseof feature
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Fig. 2. Parametenotationsin the extractionof our discriminatie auditoryfeature

extraction parameters Firstly, we assumedhat the trainableFE

parameter® areindependenbof HMM parameters\. Secondjt

is helpful to seethat the log-likelihood of an utteranceis related
to an FE parameterp € @ throughthe static features,and the
dynamicfeaturesarerelatedto ¢ alsothroughthe staticfeatures.
Let'sassumehatthefinal featurevectorz: attimet consistof N

staticfeaturesv; and N dynamicfeatures; which arecomputed
from v; by thefollowing regressiorformula

Ly
S vt ©)

m=—L1

Hence,the derivative of an utterancehypothesidog-likelihood g
w.r.t anFE parametes is givenby
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Thecomputatiorof 6—t7 depend®nthenatureof eachtrain-

ableparameter andwill be describedelov separately

3.2. Re-estimation of Filter Gains

Gain of the k-the channeffilter is representedby the weightwgy,

in thesecondayerof thefilter shavn in Fig. 1(a). Positvity of the
gainsareensuredy thetransformationwg, = exp(@g). Since
the staticfeaturewv; is relatedto the non-linearityfunction output
2z whichin turnis relatedto thefilter outputu., by applyingthe
chainrule (seeFig. 1(a)andFig. 2), onemay obtainthe derivative
of eachstaticfeaturevy; W.r.t. wss, asfollows:
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whereW (P) isthe DCT matrixandz;, = log(uss)-

3.3. Re-estimation of Filter Weights

Filter weightsof the k-th channelw.. arere-estimatedndirectly
through the associateddeltas. Again using the chain rule, the
derivative of the j-th staticfeaturew.r.t. theh-th positively-indexed
deltain thefilter of the k-th channeis givenby,

OVt _ OVt oz Uk Ytk
Békh dZtk Utk = Ytk aékh
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3.3.1. Updates

Finally, a (locally) optimal modelor featureextraction parameter
# € © maybefoundby theiterative procedureof GPD usingthe
following updaterule:

oL
00 6= G(t)

The actualfilter weightswaz andgainswgy areobtainedby
theappropriaténversetransformation®f d, andwgy.

Bt +1) = 8(t) — e(t) - (10)

4. EVALUATION

The proposedliscriminatve auditoryfeaturewasevaluatedon the
Auroratask. Only the multi-conditiontraining modewasinvesti-
gatedandresultswerereportedby combiningits performanceon
all threetestsetsaccordingo Aurora’s testingstandard.

4.1. TheAuroraCorpus

TheAuroracorpug8] wascreatedor researclin distributedspeech
recognitionundernoisy ervironments.Connectedligits from the
cleanTIDIGITS databasd9] were pre-filteredaccordingto the
frequeny characteristicef commontelecommunicatiochannels
(G.7120r MIRS) andrealisticnoiseswerethenartificially added
at six differentsignal-to-nois¢ SNR) ratiosrangingfrom 20dB to
-5dB at 5dB steps.Two training modes:cleantrainingand multi-
conditiontraining, andthreetestsetswere also definedto evalu-
aterecognitiontechnologiesindemmatchecandunmatchechoises,
andmatchedandunmatcheathannekharacteristics.

4.2. Experimental Setup

Auditory featuresvereextractedfrom speectutterancesvery 10ms
asdescribedn [1] exceptthatthe auditoryfilters werereplacedy
thosedepictedin Section2. Eachfeaturevectorconsistedof 13
MFCCsincluding c0, andtheir first- andsecond-ordederiatives
computedby regression.

Eachauditoryfilter had11weightsandthemiddle(6-th)weight
wasassumednaximumwith thevalueof 1.0. However, eachchan-
nelhadits own filter andthefilterswerenotassumedymmetrical.

Contet-dependentiead-body-tai(HBT) digit modelg10] were
trainedusingmaximumlik elihoodestimatiorto producetheinitial
“ML estimates(MLE) of themodels.Eachmodelwasastraightly
left-to-right HMM with no skips. Eachheadandtail HMM had
three statesand eachbody HMM had four states,all with four
mixturesper state. Therewasalsoa 1-statesilencemodelwith 8
mixtures. From theinitial MLE modelsand auditoryfeaturepa-
rametersdiscriminatve training was performedto obtain MCE
estimatesof the HMM parameterand/orMCE estimatesof the
filter parametersCorrectie training wasemployed and compet-
ing hypothesesvereobtainedrom 4-bestdecoding As the HMM



andFE parametersvere assumedndependentdifferentlearning
rateswereusedto accountfor their differentdynamicranges.The
following learningrateswere found empirically to give goodre-
sults: 1.0 for FE parameterand 442 for HMM parameters.As
requiredby the GPD algorithm,theselearningratesR decreased
with iterationt as: R(t) = R(0) - (1 —t/50); and,we limited our
maximumnumberof iterationsto 50.

4.3. Resultsand Discussion

Sincethereare two kinds of trainableparametersHMM or FE
parametersye combinedheirtrainingin variouswaysasfollows:

e “Our Baseline™ ML estimationof the HBT digit models
usingthe original auditoryfeature[1].

e “M only”: discriminativetrainingof HMM parametersnly;

e “F +M-mle”: discriminative training of FE parameterfol-
lowedby anML re-estimatiorof themodelsunderthe new
featurespace.

e “F +M-mle + M-mce”: sameasthelastonebutfollowedby
asubsequentiscriminatie trainingof HMM parameters.

Discriminative training of FE parameteralonewasnotfound
helpful if without subsequente-trainingof the modelsusingnew
featuresgeneratedby the new FE parameters.lt seemsto indi-
catethat HMM parametershould“move” with the new feature
spacean orderto make gooduseof the new features.Thetraining
mode“F + M-mle” tries to remedythe situationin two separate
steps:first the FE parametersvere discriminatiely trainedthen
new HMMs werere-estimatedisingthe new features.

Table 1. Resultson AuroratestsetsA+B+C (Baselineresultsarein
word accurag %, andtherestareabsolute?o gainsfrom "Our Baseline”)

dB | Aurora Oour F+ M [F+ M-mle[(F + M-mle)?

Baseline | Baseline | M-mle | only | + M-mce + M-mce
clean| 98.52 99.13 | -0.13 | 0.03 -0.47 0.17
20 97.35 98.66 | -0.01 ] -0.08 0.16 0.39
15 96.29 97.81 | 0.01 | 0.26 0.12 0.55
10 93.78 95,55 | 0.17 | 0.82 0.81 1.16
5 85.51 88.86 | 0.76 | 1.81 1.93 2.38
0 58.99 68.65 | 2.38 | 3.53 4.64 5.24
-5 24.49 3321 | 299 | 421 7.21 6.75
Ave 79.28 83.12 | 0.88 | 1.51 2.01 2.38
A-Ave| 86.38 89.91 | 0.66 | 1.27 1.47 1.94

(86.38) | (89.91) | (90.57)|(91.18)| (91.38) (91.85)

4.3.1. DiscriminativeTraining of HMM and/or FE Parametes

Recognitiorperformancef thevarioustrainingmodess shavnin
columns4—6in Tablesl togethemwith the official Aurorabaseline
resultsgivenin [8]. Two differentaveragesarereported: “Ave”
representshe meanperformancever all 7 SNRs,while “A.Ave”
ignorescleanspeectandspeectat-5dBin conformityto Aurora’s
evaluationmetric. Furthermorerecognitionresultsfrom discrim-
inative auditoryfeature(DAF) estimationarereportedin termsof
their accurag gainsfrom our baselineresults. The resultsshav
thatour discriminate training all gave significantimprovements
in word accuraciesandthe improvementwas greaterfor noisier
data.Oneobviousreasoris thatmary trainingsamplesamefrom
thenoisierdataastherecognizemademoreerrorswith themand
the model parametersvere adjustedto fix thoseerrors. It also

shaws that discriminatie training of HMM parametersloneis
moreeffective thanDAF estimationalone.NeverthelessPDAF es-
timation followed by MCE training of the modelparametergave
thebestperformanceComparedvith our baselineword errorrate
(WER) usingthe AuroraaveragesPAF estimationalonereduced
WER by 6.54%(relative); anda furtherreductionof 8.59%(rela-
tive) wasobtainedf theresultingMLE modelsweresubsequently
re-trainedusingthe MCE/GPDalgorithm. Thatis, altogetheffor a
WER reductionof 14.6%.0ntheotherhand,if only HMM param-
eterswerediscriminatively trained, WER wasreduceddy 12.6%.

4.3.2. Numberof DAF lterations

We alsoexploredtheeffect of moreiterationsfor DAF estimation.
Empirically we foundthattwo iterationswereenoughandthere-

sults are shawvn in the rightmostcolumnin Table1. Compared
with the Aurorabaselinepur baselinemproved WER by 25.9%;

oneiterationof DAF estimationfollowed by MCE modeltraining

improved WER by 36.7%;and, two iterationsof DAF estimation
followedby MCE modeltrainingimproved WER by 40.2%.

5. FUTURE WORKS

In the future, we would like to apply discriminate training on
other FE parametersuch as the non-linearity function parame-
ters. In addition,we would alsolike to remorve theindependence
assumptiorbetweenHMM and FE parametersn discriminatve
auditoryfeatureestimation.
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