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Abstract
An MLP classifieroutputsaposteriorprobabilityfor eachclass.
With noisy data, classificationbecomeslesscertain, and the
entropy of the posteriorsdistribution tendsto increaseprovid-
ing a measureof classificationconfidence. However, at high
noiselevels, entropy cangive a misleadingindicationof clas-
sificationcertainty. Very noisy datavectorsmay be classified
systematicallyinto classeswhich happento bemostnoise-like
and the resultingconfusionmatrix shows a densecolumn for
eachnoise-like class. In this article we show how this pat-
tern of misclassificationin the confusionmatrix can be used
to derivea linearcorrectionto theMLP posteriorsestimate.We
testtheability of this correctionto reducetheproblemof mis-
leadingconfidenceestimatesandto enhancetheperformanceof
entropy basedfull-combinationmulti-streamapproach.Better
word-error-ratesareachievedfor Numbers95databaseatdiffer-
entlevelsof addednoise.Thecorrectionperformssignificantly
betterathigh SNRs.

1. Intr oduction
In thecontext of multi-streamHiddenMarkov Model (HMM)/
Artificial NeuralNetwork (ANN) speechrecognition[1, 2, 3],
the logic behindusing the entropy in the output vector from
eachmulti-layeredperceptron(MLP) classifierto weight the
evidencesuppliedby thatMLP [4, 5, 6, 7, 8, 9, 10] is the fol-
lowing: Uncertainoutputswith aflat distributionwill havehigh
entropy, while aconfidentpeakeddistributionwill have low en-
tropy. However, it hasbeenobserved that while MLP output
entropy doesusually increasewith noise level, at high noise
levelsanMLP mayalsooutputahighprobabilitythatthenoisy
datacomesfrom just the oneor two “attractor” classeswhich
happento beclosestto thenoisy input in featurespace.In this
casea low entropy high confidencemeasurecanresult for an
MLP which is performinga highly inaccurateclassification.

In this article we develop and test a correctionwhich is
designedto exploit the patternof errorsrevealedby a cross-
validation(CV) setconfusionmatrix. Thecorrectionis applied
to modify posteriorprobabilityestimatessuchthatthefalselow
entropy posteriordistributionscanbeavoided.

In Section2 we illustrate the way in which this problem
with misleadingentropy estimatestypicallyarisesduringrecog-
nitionasthenoiselevel increases.In Section3, for multi-stream
combinationapproach,we show how the posteriorscorrection
for eachMLP wasderived from the CV setconfusionmatrix
for thatMLP. Section4 shows recognitiontestresultsfor Num-
bers95 [11] databaseof free format telephonenumbers,with
noiseaddedat differentsignal-to-noise-ratios(SNRs). Hereit
is shown that the proposedposteriorscorrectionleadsto im-
proved entropy basedconfidencescoresandreducedword er-
ror rates(WERs)undervariousnoiseconditions. In addition,

theperformanceis shown to besignificantlybetterat very high
SNRs,thetypicalconditionfor whichtheapproachis proposed.
Section5 follows with a discussionandconclusion.

2. Problemwith posteriorsentropy asa
confidencemeasure

While classifierentropy generallyincreaseswith noiselevel, as
the noiselevel increasesbeyond a certainpoint many frames
startgettingclassifiederroneouslyas the “attractor” phoneme
which happensto bemostnoiselike (Fig 1). As this classifier
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Figure1: Asa smallamountof noiseis added,each classcentre
shiftstowards thenoisecentre (whitepointsmoveto light grey
points)andsomepointsmayberandomlymisclassified.How-
ever, whena largeamountof noiseis added,manycentresmove
verycloseto thenoisecentre (+) andare classified(by forced
choice)according to thephonemeclasscentrewhich is nearest.

saturationoccurs,theentropy maystopincreasingandinstead
startdecreasing,giving amisleadingindicationof classification
confidence(Figs2 and3). Theresultingconfusionmatrixusu-
ally shows a densecolumnfor eachattractorphoneme(Fig 4).
The ideaunderlyingthe posteriorscorrectionproposedin this
articleis to usethepatternmisclassificationobservedin anoisy
CV setconfusionmatrixto derivealinearcorrectionto theMLP
posteriors.Thecorrectionshouldredistributeattractorphoneme
confusionthroughouttheconfusionmatrix, therebyincreasing
theutility of theposteriorsentropy asaconfidencemeasure.

Theideaof this correctionis only to correcttheposteriors
usedin theentropy calculationfor thepurposeof classifiercon-
fidenceestimate.It is not intendedto applythiscorrectionto the
posteriorswhicharepassedasscaledlikelihoodsto thedecoder
(thereasonfor not doingthis is clearfrom Fig 2 wherewe see
that theposteriorscorrectiondoesn’t give a linear relationship
betweenmaximumposteriorprobabilityandprobabilitycorrect
classselected). If we analysethis resultclosely, we realizethat
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Figure2: Maximumposterior(horizontal)Vsprobability that thelargestprobability selectsthecorrectclass(vertical). Theplot is for
all-streamMLP for the following data conditions: Clean(–), SNR18(-.), SNR12(- -), SNR6(..), SNR0(dark -.). Before correction
(left), Model-1correction(midle),andModel-2correction(right). Noiseis factorynoisefromNoisex database.
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Figure3: Normalisedentropy(horizontal)Vsprobability that thelargestprobability selectsthecorrectclass(vertical). Theplot is for
all-streamMLP. Line typesasin Fig 2. Before correction(left), Model-1correction(middle)and,Model-2correction(right). Noiseis
factorynoisefromNoisex database.

indeedit is not possibleto correctthe posteriorsotherwisewe
couldhave solvedtheproblemof ASRby applyingthiscorrec-
tion repeatedlytill weobtainedthedesiredaccuracy.

3. Confusion matrix basedposteriors
correction

For each trained MLP (see Section 4 for entropy weighted
multi-streamHMM/ANN systemand test databaseused)we
first obtain a confusionmatrix �������
	�� of (true, guessed) co-
occurrencecountson a multiple noiseconditionCV set. This
gives the numberof times a frame labelledwith “true” class���� is given a maximum posteriorprobability of being from
“guessed”class ��	�� . This is then converted into a matrix of
conditionalprobabilities ����������� ����	�� by dividing each
columnby its sum.

��������	�������������� � �!�"	���� �����#���%$&�'�"	�������'�(	�� (1)

�����'�(	��)�'*,+����������%$-�.�"	�� (2)

3.1. Model 1

Wecanobtaincorrectedestimatesfor thesetrue-classprobabil-
ities from theguessed-classMLP outputprobabilitiesby using
this matrix of conditionalprobabilitiesas follows (whereT =
trueandG = guessedclass).�����#�'/0� 12�3� *54 �����#�'/6$&�'�(	,� 12� (3)

� * 47�����'�(	,� 12�8��������/9� �!�"	:$-1%� (4);� *54 �����'�(	,� 12�8��������/9� �!�"	�� (5)

A vector of correctedposteriorprobabilities �=<> �?�=<������/9� 12� can thereforebe obtainedfrom the vectorof initial pos-
terior probability estimates� 4 �@�����@�A	,� 1%� , using (5), as
follows, � < �!��BC� (6)

In theextremecasewhereall datais identifiedasbelongingto
thesamenoise-like class,theconfusionmatrixwouldbeempty
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Figure4: Confusionmatrix for all-streamsMLP classifierfor
0dB SNR(factory noisefrom Noisex databaseaddedto Num-
bers95database).Space(silence)classis thelastcolumn.

except for one column belongingto that noise-like phoneme.
The columnof this noise-like phonemewould be full (Fig 4).
The proposedcorrection(6) would convert all suchzero en-
tropy posteriorsvectorsinto thevectorof classpriors,with cor-
respondinglyhighentropy.

3.2. Model 2

Themainattractorclassin our testswastheimportant“space”
phoneme. The effect of the posteriorscorrectionin (6) is to
stronglyflattenevery posteriorsvectorsfor which the highest
probabilityis for anattractorclass.Flatteningall “space”frame
posteriorvectorsleadsto ahighworddeletioncount.Wethere-
fore developedanamendedcorrectionprocedurein which dif-
ferentcorrectionsareappliedto framesestimatedasspeechor
non-speech(Spe= “x is speech”).�����#�!/0� 12�3�D�����#��/=$&E,F%GH� 12�I ��������/=$-JKE%F,GL� 12� (7)�D����E,F%GH� 12�8�����M��/0� E,F%GN$O12�I ����JKE%F,GL� 12�8�����#��/0� JKE,F%GN$O12� (8)�����'�!/9� E,F%GP$O12� cannow beexpandedas �����'�./0� 12� was
expandedbefore.With ����E%F,GL� 12�Q��R , this gives� < �S��RK�PTVUCW I �8XPYZRK���P[\TVU]W^�8� (9)

where �PT_U]W is theCV confusionprobabilitiesmatrix estimated
usingonly framesdetectedasspeech,and �P[LTVUCW is estimated
from all otherframes.We usedherea hardspeech/non-speech
decisionbasedon the frame energy level ( ` ) and estimated
noiseenergy ( `:a5b +�c W ) asfollows,��E,F%Ged?`gf#h3i�jCk W c j b�l m I `naVb +oc W]� (10)

����E,F%GH� 12�p� q Xsrt`gfMh i�j3k W c j b�l m I ` aVb +�c Wu rt`gvMh5i�j3k W c j b�l m I ` aVb +�c W (11)

wherè in eachframeis estimatedas GCw8x (c0is theunusedPLP
c0coefficient),and ` a5b +oc W is estimatedastheaverageG w8x value
over thefirst 8 framesin eachutterance.Onecouldusea more
sophisticatedspeech/non-speechdetectorfor betterestimates.

4. Recognitiontests
Testswere madewith the Numbers95 [11] corpusof multi-
speaker freeformattelephonenumber(e.g. “one hundredforty
two”) recordedat8KHz. Noisewasaddedartificially from Noi-
sex [12]. SpeechfeaturesusedwerecepstraldomainPLP[13],
excluding the energy coefficient “c0”. Recognitionwas per-
formedusingthe“full combinationsmulti-streamhybrid” [2, 3]
model. In this system,a separateone hidden-layerMLP is
trainedfor eachof the seven non-emptycombinationsof the
threecepstralfeaturestreams(PLP, deltaPLP anddelta-delta
PLP).Both deltaanddelta-deltaPLP coefficientswereover 9
windows. EachMLP was trained to map a 9-framecontext
window of thesedatavectorsontoaprobabilityfor eachspeech
unit [14]. Speechunitswerethestandard27monophoneswhich
comewith this database.The before/aftersilenceand inter-
word spacephonemeshave beenmergedinto oneclass. Each
MLP hadonehiddenlayerwith numberof hiddenunitspropor-
tional to thedimensionof theinputvectorsfed to thatMLP.

4.1. Entr opy basedposteriors combination rule

During recognition,theoutputsfrom all theseven MLPs were
combinedin a linear confidence-weightedsum for eachdata
frame.Theconfidenceweight y +a for theMLP for eachstream
combination�z�{X_|}|}| E at frame“n” wasgivenby thefollowing
IEWAT (inverseentropy with averageentropy threshold)func-
tion of theposteriorsentropy ~ +a from thatMLP [8].

����� > � 1,a2���=�K� T* +��z� y +a ����� > � 1 +a ��h + � (12)

where h + are the parametersof the � i�j MLP classifierand � >
is the / i�j output class. Also, ~ +a ��Y��!�> �z� ����� > � 1 +a | h + �nB�}�_�L� ����� > � 1 +a | h + � andK = 27 (numberof monophones).�~,a�� � T+o�Q� ~ +aE (13)

~ +a � q X uVu_u_u r@~ +a f �~�a~ +a r@~ +a v �~�a (14)

y +a � X3� ~ +a� T+o�z� XC� ~ +a (15)

4.2. Testsmade

Model-1 and Model-2 correctedposteriorswere usedfor es-
timating the entropiesusedin MLP weighting. The effect of
thesecorrectionson posteriorsclassificationpower andon the
relationbetweentrueconfidenceandentropy is shown in Figs2
and 3, respectively. Recognitiontestswere madewith artifi-
cially addedNoisex factorynoiseunderdifferentSNRs(clean,
18, 12, 6 and0 dB). Optimal valuefor h i�jCk W c j b�l m in (10) ob-
tained for the developmentset at noise levels clean, 18 and
12 dB were0.2106,0.1472and0.1386,respectively. We usedh i�jCk W c j b l m = 0.1758for testsat all noiselevel. WER resultsare
shown in Fig. 5

5. Discussionand conclusion
Figs.1, 2 and4 illustratethatoneof therootcausesfor misclas-
sificationat high noiselevels in HMM/ANN ASR is the ten-
dency of theANNs to confidentlyclassifyeverythingasoneor
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Figure5: WERfor noiselevels’Clean (30dB)’ to SNR0dBfor
factory noise; Resultsare for multi-streamcombinationusing
IEWAT; Posteriorsof theMLPsareusedasscaledlikelihoodfor
decoding;Original, Model-1 correctedor Model-2 corrected
entropyis usedfor weightingdifferentstreams.

othernon-speech“attractor” phoneme,suchas“space”or “si-
lence”. In Section3 we introducedtwo modelsfor correcting
this error. Model-1 is relatively simpleandin Model-2 it was
shown how the speechandnon-speechconfusionmatricesfor
a moderatelynoisyCV datasetcanbeusedfor correction.To-
getherwith speech/non-speechdetection,Model-2 provided a
linear correctionto the posteriorsvectoroutput from an MLP
classifierwhich takes into accountthe patternof CV errors.
Testsshowed that in multiple noiseconditions,Model-1 and
Model-2 posteriorscorrectionconsistentlyimproved the accu-
racy of bothposteriorsentropy estimationandWER.

Model-2 gives very slight improvement over Model-1
andthe reasoncould be asfollows: While speech/non-speech
detectionwas crucial to the advancementfrom Model-1 to
Model-2posteriorscorrection,thespeech/non-speechdetection
methodusedhere was very crude. Problemswith Model-2
posteriorscorrection could therefore be possibly addressed
in future by focusing on ways of combining more noise
robust speech/non-speechdetection techniqueswith ANN
classification. It would also be of interestto designa set of
speechunits which are more equidistant from non-speech
classesandtherebyavoid attractorclasses.
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