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ABSTRACT

Recently, Li et al. proposeda new auditory featurefor robust
speechrecognitionin noiseenvironments. The new featurewas
derivedby mimickingcloselythefunctionof humanauditorypro-
cess.Severalfilters wereusedto modeltheouterear, middleear,
andcochlea,andthe initial filter parametersandshapeswereob-
tainedfrom crudepsychoacousticsresults,experience,or experi-
ments.Althoughonemayadjustthefeatureparametersby handto
getbetterperformance,the resultingfeatureparametersstill may
not be optimal in the senseof minimal recognitionerrors,espe-
cially for differenttasks.To further improve theauditoryfeature,
in thispaperweapplydiscriminativetrainingto optimizetheaudi-
tory featureparameterswith someguidancefrom psychoacoustic
evidencebut otherwisein a data-driven approachso as to mini-
mizetherecognitionerrors.Onesignificantcontributionoversim-
ilar efforts in thepast,suchasdiscriminative featureextraction,is
that we make no assumptionon theparametricform of the audi-
tory filters. Instead,we only requirethe filters to be smoothand
triangular-like assuggestedby psychoacousticsresearch.Our ap-
proachis evaluatedon the Aurora databaseandachievesa word
errorreductionof 19.2%.

1. INTRODUCTION

In automaticspeechrecognition(ASR),thedesignof acousticmod-
elsinvolvestwo maintasks:featureextractionanddatamodeling.
AcousticfeaturessuchasLPCC,MFCC,PLParecommonlyused;
and the most populardatamodelingtechniquesin currentASR
are basedon hiddenMarkov modeling(HMM). Recently, Li et
al. proposeda new auditoryfeaturefor robustspeechrecognition
basedon ananalysisof thehumanperipheralauditorysystem[1].
In the approach,the auditorysystemis first divided into several
modules,theneachmoduleis modeledfrom a signalprocessing
point of view with a constrainton computationalcomplexity. The
featurecomputationis comprisedof an outer-middle-eartransfer
function,FFT, conversionfrom linearfrequency scaleto theBark
scale,auditoryfiltering, non-linearity, anddiscretecosinetrans-
form (DCT). As reportedin [1], thenew auditoryfeatureoutper-
formedMFCC, LPCC, andPLP, in noiseenvironments,and the
major improvementwasattributedto thenew auditoryfilters. Al-
thoughin thenew auditoryfeatureplatform, thefilter shapesand
otherparameterscanbeadjustedeasilythroughexperiments,the
filters still maynotbeoptimalin thesenseof minimal recognition
errors,especiallyunderthecontext of differenttasks.

Traditionally, in ASR, featureextractionandacousticmodel-
ing areaddressedseparately, which may not result in an optimal
recognitionperformance.Severalapproacheshave beenproposed

to optimizefeatureparametersusingdiscriminativefeatureextrac-
tion (DFE)alongwith theoptimizationof modelparametersunder
the unified framework of MCE/GPD(minimum classificationer-
ror andgeneralizedprobabilisticdescent)[2, 3]. Thepastefforts
on DFE maybedividedinto two majorcategories:

(1) Most DFE-relatedworks werebasedon commonfeatures
such as log power spectra[4], mel-filterbanklog power
spectra[5], and LPCC [6] and discriminatively traineda
transformationnetwork to obtain new discriminative fea-
turesfor the following datamodelingprocess.Notice that
thesework did not touch the front-endsignal processing
modulethatderivesinputsto theirtransformationnetworks.

(2) In contrast,Alain Biem et al. [7] applied joint discrimi-
native trainingon both HMM parametersandfilters in the
front-end. Two kindsof filter parameterizationweretried:
Gaussianfilters or free-formedfilters. The taskswererel-
atively simple to today’s standard,and the improvement
wassmall. Furthermore,the free-formedfilters performed
worsethanGaussianfilters.

In thispaper, weattemptto designtheauditoryfilters involved
in theextractionof our new auditoryfeatureswithout makingan
assumptionon theparametricform of theauditoryfilters. Instead,
guidedby psychoacousticevidences,we only requirethefilters to
besmoothandtriangular-like. Oneof thechallengesis to derive a
mathematicalexpressionfor a filter satisfyingthetwo constraints.
We achieve this throughtwo parameterspacetransformations.

2. AUDITORY FILTER DESIGN

Wepostulatethattheuseof Gaussianauditoryfilters in [7] maybe
too restrictive; however, thesuggestionof absolutelyfree-formed
filters in [7] is not supportedby psychoacousticfindings either.
Webelieve thattheshapeof humanauditoryfilters is notarbitrary
andtheir propertiesshouldbe observed in our discriminative au-
ditory filter design.Basedon the findingsfrom psychoacoustics,
werequireourauditoryfilter responseto satisfythefollowing two
constraints:

Constraint #1 : it is triangular-like. That is, all its weightsmust
bepositive with a maximumresponseof 1.0somewherein
themiddle,andthenits valuestaperoff to bothends;and,

Constraint #2 : it is differentiable.

In our featureextraction,a128-pointBarkspectrumfrom FFT
andtheouter-middle-eartransferfunctionwasfed to 32 auditory
filtersasin thecochlea.Thefilterswereequallyspacedataninter-
val of 4 pointsapartin thespectrum.Thus,afterauditoryfiltering,
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Fig. 1. A constrainedauditoryfilter of the
�
-th channel

the128-pointinputspectrumwasconvertedto 32channelenergies
from which ceptsrawerecomputedusingDCT. An auditoryfilter
of our systemhasthedesignasdepictedin Fig. 1(a),onefor each
channel.It canbethoughtof asatwo-layerperceptronwithoutany
nonlinearity. Theweight ����� in thesecondlayerperceptronis the
gain of the auditoryfilter while the weightsin the first layer are
thenormalizedfilter weights. Although the two-layerperceptron
is equivalentto a single-layerperceptron,thedesignallows us to
examinetheresultingfilter shapesandgainsseparately.

A filter satisfyingthe two aforementionedconstraintscanbe
implementedthroughtwo successive parameterspacetransforma-
tions. For a digital filter with ���
	���
�� points,we associatethe
filter weights ����������������������� , ��� , ��������� ���!�"�$# with a set of
deltas, �&% �'� � �������!% �(� �)% � � �������!% � # so that after parametertrans-
formationandproperscaling, %�* will be equivalent to +,��* (see
Fig. 1(b)). Positively-indexedweightsarerelatedto thepositively-
indexeddeltasmathematicallyasfollows:�.-0/�
�132�� -4 *65���7 �8% * �!�9�;:,/<
=� �������)	 (1)

where 2���� � and 7 ��� � areany monotonicallyincreasingfunctions
suchthat> � >@? 2��8A'� ? 
B� >DCBEGFH> � >�? 7 �8A���� (2)

Similarly, negatively-indexedweightsarerelatedto thenegatively-
indexed deltas. The motivation is that we want to subtractmore
positive quantitiesfrom themaximumweight ���"/<
 aswemove
towardsthetwo endsof thefilter. Eqn.(1)involvestwo transforma-
tions: 7 ��� � is any monotonicallyincreasingfunctionwhich turns
arbitrarily-valueddeltasto positive quantities;and, 2���� � is any
monotonicallyincreasingfunction that restrictsthe sumof trans-
formeddeltasto lessthanunity. In thispaper, weusetheexponen-
tial functionas 7 �8A�� andthesigmoidfunctionas 2��8A'� .

3. DISCRIMINATIVE AUDITORY FEATURE (DAF)

In our acousticmodeling,therearetwo typesof free parametersI /J�8K"�ML�� : theHMM parametersK andtheparametersL that
controlfeatureextraction(FE).Theformerincludestatetransition
probabilitiesandobservationprobabilitydistributionfunctions;and,
the latter consistof inner-ear auditory filters in our filter-bank-
basedfeatureextraction. All theseparametersweretrainedin the
discriminative framework of MCE/GPD.

3.1. Re-estimation formulas

Variousfeatureextractionparametersaredenotedasfollows:NPO : FFT inputsto auditoryfilters at time QR O : outputsfrom auditoryfilters at time QSPO : channeloutputsat time QTUO : acousticfeaturesat time QV O : staticacousticfeaturesat time QV�WO : deltaacousticfeaturesat time Q����� : gainof thefilter in the
�
-th channelXZY$[ : weightsof the

�
-th filter\ [ : supplementarydeltasassociatedwith X Y$[]_^ � : intermediateoutputof the

�
-th filter

Theseparameternotationsare also illustratedin Fig. 2. As
usual,vectorsarebold-faced.

Theempiricalexpectedstring-basedmisclassificationerror ` ,
is definedas`a� I �U/ 
bdcfe(g4c 5�� ` c � I �U/ 
bdche$g4c 5i�=j �8k'�8l c �!� (3)

where l c
is oneof the

b c
trainingutterances;k'��� � is a distance

measurefor misclassifications;and, j ��� � is a soft error-counting
function. We followedthecommonpracticeof usingthesigmoid
functionfor countingsofterrorsandusinglog-likelihoodratiobe-
tweenthe correctstringandits competinghypothesesasthe dis-
tancefunction. i.e. k'�8l@*m��/on�*!�8l�*p�.13q_*!�8l�*p� in which thedis-
criminantfunction q���� � is thelog-likelihoodof adecodinghypoth-
esisof anutteranceand n * �8l * � is thelog of themeanprobabilities
of its

bsr
competingstringsthatis definedas:

n * �8l * �U/utwv=x yz 
b r e�{4- 5��!| -B}5$*�~M�P� �8��q�-��8l * �!���� �p��� � (4)

To optimizeany parameter��� I
, onefindsthederivative of

thelossfunction ` w.r.t. � for eachtrainingutterancel�* :������� *p���� / ������ y��z�� e {-=}5�* ~ ��� �8��q�-��8l * �!��� ��� -��� 1 ��� *���,�� e�{-=}5�* ~ ��� �8��q�-��8l * �!� � ��� � (5)

To evaluateEqn.(5),onehasto find thepartialderivative of q *
w.r.t. any trainableparameters.We will droptheutteranceindex �
for clarity from now on. Also, sincemany workshave beendone
on discriminative training of HMM parameterswith MCE/GPD,
onemay refer the tutorial paper[3] for the re-estimationformu-
lasof HMM parametersandwe will only presentthoseof feature
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Fig. 2. Parameternotationsin theextractionof ourdiscriminative auditoryfeature

extractionparameters.Firstly, we assumedthat the trainableFE
parametersL areindependentof HMM parametersK . Second,it
is helpful to seethat the log-likelihoodof an utteranceis related
to an FE parameter� ��L throughthe static features,and the
dynamicfeaturesarerelatedto � alsothroughthestaticfeatures.
Let’sassumethatthefinal featurevector TiO attime Q consistsof

b
staticfeaturesV�O and

b
dynamicfeaturesV�WO which arecomputed

from V O by thefollowing regressionformulaV WO / �P 4¡ 5����P P¢ £¡ V�Om¤¦¥ � (6)

Hence,the derivative of an utterancehypothesislog-likelihood q
w.r.t anFE parameter� is givenby����P§ / 4 ^ 
¨M©�ª � T O � e4- 5i� �P«�¬ ^��­$®°¯3± ��­$®°¯�G§ �4 ^ 
¨ © ª � TUO � e4- 5i� �P«�¬ ^��­i²®°¯u³ �P 4¡ 5����P  ¢ £¡ ��­ � ®�´¶µ � ¯�P§ · � (7)

Thecomputationof

��­$®°¯�P§ dependsonthenatureof eachtrain-

ableparameter� andwill bedescribedbelow separately.

3.2. Re-estimation of Filter Gains

Gainof the
�
-thechannelfilter is representedby theweight � ���

in thesecondlayerof thefilter shown in Fig. 1(a).Positivity of the
gainsareensuredby thetransformation:���_��/ ~ ��� �'¸���_�=� . Since
thestaticfeatureV O is relatedto thenon-linearityfunctionoutputS�O which in turn is relatedto thefilter output R¦O , by applyingthe
chainrule (seeFig. 1(a)andFig. 2), onemayobtainthederivative
of eachstaticfeature¹ ^ - w.r.t. ¸� ��� asfollows:��­�®°¯�»º¼¾½�¿ / ��­�®°¯�PÀG® ¿ ± �PÀG® ¿��Á�® ¿ ± ��Á�® ¿� ¼¾½G¿ ± � ¼¾½�¿�»º¼¾½�¿/ ÂÄÃ°Å.Æ- � ± 
Ç'^ � ± ] ^ � ±&È ¸����� (8)

where ÉËÊ�Ì"Í is theDCT matrix and Î ^ � /ÏtwvBx'� Ç ^ � � .
3.3. Re-estimation of Filter Weights

Filter weightsof the
�
-th channelX Y$[ arere-estimatedindirectly

through the associateddeltas. Again using the chain rule, the
derivativeof the: -th staticfeaturew.r.t. the Ð -th positively-indexed
deltain thefilter of the

�
-th channelis givenby,��­�®°¯��Ñ ¿=Ò / ��­$®°¯��ÀG® ¿ ± ��ÀG® ¿��Á�® ¿ ± ��Á�® ¿��Ó$® ¿ ± ��Ó$® ¿��Ñ ¿_Ò/ Â Ã°Å¦Æ- � ± 
Ç ^ � ± ����� ± 7 £ �8%&� Ô���Õ�1 �4 *�5 Ô 2 £ ±&È ^ � *�Ö �(9)

3.3.1. Updates

Finally, a (locally) optimalmodelor featureextractionparameter�@� I
maybefoundby theiterative procedureof GPDusingthe

following updaterule:�P�×Q$�Ï
��¦/Ï���×Q)��1ÙØ��×Q!� ± ����P��ÚÚÚÚ � 5 � Ã ^ Æ � (10)

Theactualfilter weights X Y$[ andgains ����� areobtainedby
theappropriateinversetransformationsof %���Ô and ¸����� .

4. EVALUATION

Theproposeddiscriminativeauditoryfeaturewasevaluatedonthe
Aurora task. Only themulti-conditiontrainingmodewasinvesti-
gatedandresultswerereportedby combiningits performanceon
all threetestsetsaccordingto Aurora’s testingstandard.

4.1. The Aurora Corpus

TheAuroracorpus[8] wascreatedfor researchin distributedspeech
recognitionundernoisyenvironments.Connecteddigits from the
cleanTIDIGITS database[9] were pre-filteredaccordingto the
frequency characteristicsof commontelecommunicationchannels
(G.712or MIRS) andrealisticnoiseswerethenartificially added
at six differentsignal-to-noise(SNR)ratiosrangingfrom 20dBto
-5dB at 5dB steps.Two trainingmodes:cleantrainingandmulti-
conditiontraining,andthreetestsetswerealsodefinedto evalu-
aterecognitiontechnologiesundermatchedandunmatchednoises,
andmatchedandunmatchedchannelcharacteristics.

4.2. Experimental Setup

Auditory featureswereextractedfrom speechutterancesevery10ms
asdescribedin [1] exceptthattheauditoryfilterswerereplacedby
thosedepictedin Section2. Eachfeaturevectorconsistedof 13
MFCCsincludingc0,andtheir first- andsecond-orderderivatives
computedby regression.

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

Context-dependenthead-body-tail(HBT) digit models[10] were
trainedusingmaximumlikelihoodestimationto producetheinitial
“ML estimates”(MLE) of themodels.Eachmodelwasastraightly
left-to-right HMM with no skips. Eachheadandtail HMM had
threestatesand eachbody HMM had four states,all with four
mixturesperstate.Therewasalsoa 1-statesilencemodelwith 8
mixtures. From the initial MLE modelsandauditoryfeaturepa-
rameters,discriminative training was performedto obtain MCE
estimatesof the HMM parametersand/orMCE estimatesof the
filter parameters.Corrective trainingwasemployed andcompet-
ing hypotheseswereobtainedfrom 4-bestdecoding.As theHMM



andFE parameterswereassumedindependent,different learning
rateswereusedto accountfor their differentdynamicranges.The
following learningrateswerefound empirically to give goodre-
sults: 1.0 for FE parametersand442 for HMM parameters.As
requiredby theGPD algorithm,theselearningratesÛ decreased
with iteration Q as: Û �×Q)�U/ Û � > � ± ��
.1ÜQ)ÝBÞ > � ; and,we limited our
maximumnumberof iterationsto 50.

4.3. Results and Discussion

Sincethereare two kinds of trainableparameters:HMM or FE
parameters,wecombinedtheirtrainingin variouswaysasfollows:ß “Our Baseline”: ML estimationof the HBT digit models

usingtheoriginalauditoryfeature[1].ß “M only”: discriminativetrainingof HMM parametersonly;ß “F + M-mle”: discriminative trainingof FEparametersfol-
lowedby anML re-estimationof themodelsunderthenew
featurespace.ß “F + M-mle + M-mce”: sameasthelastonebut followedby
asubsequentdiscriminative trainingof HMM parameters.

Discriminative trainingof FE parametersalonewasnot found
helpful if without subsequentre-trainingof themodelsusingnew
featuresgeneratedby the new FE parameters.It seemsto indi-
catethat HMM parametersshould“move” with the new feature
spacein orderto make gooduseof thenew features.Thetraining
mode“F + M-mle” tries to remedythe situationin two separate
steps:first the FE parameterswerediscriminatively trainedthen
new HMMs werere-estimatedusingthenew features.

Table 1. Resultson AuroratestsetsA+B+C (Baselineresultsarein
wordaccuracy %, andtherestareabsolute% gainsfrom ”Our Baseline”.)

dB Aurora Our F + M F + M-mle (F + M-mle �pà
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 33.21 2.99 4.21 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. DiscriminativeTrainingof HMM and/orFE Parameters

Recognitionperformanceof thevarioustrainingmodesisshown in
columns4–6in Tables1 togetherwith theofficial Aurorabaseline
resultsgiven in [8]. Two differentaveragesarereported: “Ave”
representsthemeanperformanceover all 7 SNRs,while “A.Ave”
ignorescleanspeechandspeechat-5dB in conformityto Aurora’s
evaluationmetric. Furthermore,recognitionresultsfrom discrim-
inative auditoryfeature(DAF) estimationarereportedin termsof
their accuracy gainsfrom our baselineresults. The resultsshow
thatour discriminative trainingall gave significantimprovements
in word accuracies,andthe improvementwasgreaterfor noisier
data.Oneobviousreasonis thatmany trainingsamplescamefrom
thenoisierdataastherecognizermademoreerrorswith themand
the model parameterswere adjustedto fix thoseerrors. It also

shows that discriminative training of HMM parametersaloneis
moreeffective thanDAF estimationalone.Nevertheless,DAF es-
timationfollowedby MCE trainingof themodelparametersgave
thebestperformance.Comparedwith ourbaselineworderrorrate
(WER) usingtheAuroraaverages,DAF estimationalonereduced
WER by 6.54%(relative); anda furtherreductionof 8.59%(rela-
tive)wasobtainedif theresultingMLE modelsweresubsequently
re-trainedusingtheMCE/GPDalgorithm.Thatis, altogetherfor a
WERreductionof 14.6%.Ontheotherhand,if only HMM param-
eterswerediscriminatively trained,WER wasreducedby 12.6%.

4.3.2. Numberof DAF Iterations

Wealsoexploredtheeffectof moreiterationsfor DAF estimation.
Empirically we foundthat two iterationswereenoughandthere-
sults are shown in the rightmostcolumn in Table 1. Compared
with theAurorabaseline,our baselineimprovedWER by 25.9%;
oneiterationof DAF estimationfollowedby MCE modeltraining
improvedWER by 36.7%;and,two iterationsof DAF estimation
followedby MCE modeltrainingimprovedWER by 40.2%.

5. FUTURE WORKS

In the future, we would like to apply discriminative training on
other FE parameterssuchas the non-linearity function parame-
ters. In addition,we would alsolike to remove the independence
assumptionbetweenHMM andFE parametersin discriminative
auditoryfeatureestimation.
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