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Abstract

An MLP classifieroutputsa posteriomprobabilityfor eachclass.
With noisy data, classificationbecomedess certain, and the
entropy of the posteriorsdistribution tendsto increaseprovid-

ing a measureof classificationconfidence. However, at high
noiselevels, entropy cangive a misleadingindicationof clas-
sification certainty Very noisy datavectorsmay be classified
systematicallyinto classesvhich happernto be mostnoise-like
and the resulting confusionmatrix shavs a densecolumn for

eachnoise-like class. In this article we shav how this pat-
tern of misclassificationn the confusionmatrix can be used
to derive alinearcorrectionto the MLP posteriorsestimate We
testthe ability of this correctionto reducethe problemof mis-

leadingconfidenceestimatesndto enhancéhe performancef

entrofy basedfull-combinationmulti-streamapproach.Better
word-errorratesareachieredfor Numbers9%latabasatdiffer-

entlevelsof addednhoise.The correctionperformssignificantly
betterathigh SNRs.

1. Intr oduction

In the context of multi-streamHiddenMarkov Model (HMM)/
Artificial NeuralNetwork (ANN) speectrecognition[1, 2, 3],
the logic behind using the entrogy in the output vector from
eachmulti-layeredperceptron(MLP) classifierto weight the
evidencesuppliedby thatMLP [4, 5, 6, 7, 8, 9, 1Q] is the fol-
lowing: Uncertainoutputswith aflat distributionwill have high
entroyy, while a confidentpealed distributionwill have low en-
tropy. However, it hasbeenobsered that while MLP output
entrofy doesusually increasewith noiselevel, at high noise
levelsanMLP mayalsooutputa high probabilitythatthe noisy
datacomesfrom just the one or two “attractor” classeswhich
happerto be closestto the noisy input in featurespace.In this
casea low entropy high confidencemeasurecanresultfor an
MLP whichis performinga highly inaccurateclassification.

In this article we develop andtest a correctionwhich is
designedto exploit the patternof errorsrevealedby a cross-
validation(CV) setconfusionmatrix. The correctionis applied
to modify posteriomprobabilityestimatesuchthatthefalselow
entrofy posteriordistributionscanbe avoided.

In Section2 we illustrate the way in which this problem
with misleadingentropy estimatesypically arisesduringrecog-
nition asthenoiselevel increasesln Section3, for multi-stream
combinationapproachwe shawv how the posteriorscorrection
for eachMLP was derived from the CV set confusionmatrix
for thatMLP. Section4 shawvs recognitiontestresultsfor Num-
bers95[11] databasef free format telephonenumbers,with
noiseaddedat differentsignal-to-noise-ratio§SNRs). Hereit
is shawvn that the proposedposteriorscorrectionleadsto im-
proved entrofy basedconfidencescoresandreducedword er
ror rates(WERSs)undervariousnoise conditions. In addition,

the performances shawvn to besignificantlybetterat very high
SNRs thetypical conditionfor whichtheapproachs proposed.
Section5 follows with a discussiorandconclusion.

2. Problemwith posteriors entropy asa
confidencemeasure

While classifierentrogy generallyincreasesvith noiselevel, as
the noiselevel increasedeyond a certainpoint mary frames
startgetting classifiederroneouslyas the “attractor” phoneme
which happengo be mostnoiselike (Fig 1). As this classifier
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Figurel: Asa smallamouniof noiseis added gac classcente
shiftstowards the noisecentie (white pointsmove to light grey
points)and somepointsmaybe randomlymisclassified How-
ever, whena large amouniof noiseis added manycentesmove

very closeto the noisecente (+) and are classified(by forced
choice)accoding to thephonemelasscentie which is neasest.

saturationoccurs,the entropy may stopincreasingandinstead
startdecreasinggiving a misleadingndicationof classification
confidencéFigs2 and3). Theresultingconfusionmatrixusu-
ally shawvs a densecolumnfor eachattractorphonemegFig 4).
The ideaunderlyingthe posteriorscorrectionproposedn this
articleis to usethe patternmisclassificatiorobseredin anoisy
CV setconfusionmatrixto derive alinearcorrectionto theMLP
posteriorsThecorrectionshouldredistrituteattractophoneme
confusionthroughoutthe confusionmatrix, therebyincreasing
theutility of theposteriorsentroy asa confidenceaneasure.
Theideaof this correctionis only to correctthe posteriors
usedin theentropy calculationfor the purposeof classifiercon-
fidenceestimatelt is notintendedo applythiscorrectionto the
posterioravhich arepassedisscaledik elihoodsto thedecoder
(thereasorfor not doingthisis clearfrom Fig 2 wherewe see
thatthe posteriorscorrectiondoesnt give a linear relationship
betweemaximunposteriorprobability andprobability correct
classselectedl If we analysethis resultclosely we realizethat
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Figure2: Maximumposterior(horizontal) Vs probability that the largestprobability selectshe correctclass(vertical). Theplot is for
all-streamMLP for the following data conditions: Clean (=), SNR1§(-.), SNR12(- -), SNR6(..), SNRO(dark -.). Befole correction
(left), Model-1correction(midle),and Model-2correction(right). Noiseis factorynoisefromNoise database
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Figure3: Normalisedentropy (horizontal)Vs probability that the largestprobability selectshe correctclass(vertical). Theplot is for
all-streamMLP. Line typesasin Fig 2. Before correction(left), Model-1correction(middle)and, Model-2correction(right). Noiseis

factorynoisefromNoise database

indeedit is not possibleto correctthe posteriorsotherwisewe
couldhave solvedthe problemof ASR by applyingthis correc-
tion repeatedlytill we obtainedthe desiredaccurag.

3. Confusion matrix basedposteriors
correction

For eachtrained MLP (see Section4 for entropy weighted
multi-streamHMM/ANN systemand test databasaised)we
first obtain a confusionmatrix C'(¢, j) of (true, guesseyco-
occurrencecountson a multiple noiseconditionCV set. This
gives the numberof times a frame labelledwith “true” class
(7) is given a maximum posteriorprobability of being from
“guessed’class(j). This is thencorvertedinto a matrix of
conditional probabilities P(T' = |G = j) by dividing each
columnby its sum.

P(T=iAG =)

= P@=J)

P(T =ilG = j) = )

G=j)= ZP =iAnG =) @

3.1. Model 1

We canobtaincorrectedestimategor thesetrue-clasgprobabil-
ities from the guessed-clag¥lLP outputprobabilitiesby using
this matrix of conditionalprobabilitiesas follows (whereT =
true andG = guessedlass).

P(T = kl|z) :ZPT:k/\G:ﬂz)

_ZP
NZP

3)
=jlz)P(T =k|G=jAz) (4

=jle)P(T=klG=3) (5

A vector of correctedposteriorprobabiIitiesP,; =r (T =
k|z) canthereforebe obtainedfrom the vector of initial pos-
terior probability estimates?; = P(G = j|z), using(5), as
follows,

P=C-P (6)
In the extremecasewhereall datais identifiedasbelongingto
thesamenoise-lile class the confusionmatrix would be empty
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Figure4: Confusionmatrix for all-streamsMLP classifierfor
0dB SNR(factory noisefrom Noise databaseaddedto Num-
bers95database) Space(silence)classis thelastcolumn.

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

3.2. Model 2

Themainattractorclassin our testswasthe important‘space”
phoneme. The effect of the posteriorscorrectionin (6) is to

strongly flatten every posteriorsvectorsfor which the highest
probabilityis for anattractorclass.Flatteningall “space”frame
posteriorvectorsleadsto a high word deletioncount. We there-
fore developedan amendectorrectionproceduren which dif-

ferentcorrectionsareappliedto framesestimatedas speector
non-speecliSpe= “x is speech”).

P(T = k|z)=P(T = k A Spe|z)
+ P(T = k A ~Spe|z) (7)
=P(Spe|z)P(T = k|Spe A x)
+ P(~Spe|z)P(T = k|-~Spe Az) (8)

P(T = k|Spe A z) cannow beexpandedas P(T' = k|z) was
expandedbefore.With P(Spe|z) = «, thisgives

P' = (aCspe + (1 — a)Cnspe) P ©)

whereC's,. is the CV confusionprobabilitiesmatrix estimated
usingonly framesdetectedasspeechand C- s, is estimated
from all otherframes.We usedherea hardspeech/non-speech
decisionbasedon the frame enegy level (E) and estimated
noiseenegy (E,oise) asfollows,

(Spe & E > Otnresnhota + Enoise) (10)
1 . F > 9 resho +Enoise
P(Sp€|$) = { 0 : ELZ gi:resZojj + Enoise (11)

whereE in eachframeis estimatedase®® (cOis theunusePLP
cOcoeficient),andE,.:sc is estimatedistheaveragee® value
over thefirst 8 framesin eachutterance Onecould usea more
sophisticategpeech/non-speectetectorfor betterestimates.

4. Recognitiontests

Testswere madewith the Numbes95 [11] corpusof multi-

speakr free formattelephonenumber(e.g. “one hundredforty

two”) recordecht8 KHz. Noisewasaddedartificially from Noi-

sex [12]. SpeectfeaturesusedwerecepstradomainPLP[13],

excluding the enepgy coeficient “c0”. Recognitionwas per

formedusingthe“full combinationsnulti-strearmhybrid” [2, 3]

model. In this system,a separateone hidden-layerMLP is

trainedfor eachof the seven non-emptycombinationsof the

threecepstralfeaturestreams(PLP, delta PLP and delta-delta
PLP). Both deltaanddelta-deltaPLP coeficientswere over 9

windows. EachMLP was trainedto map a 9-frame context

window of thesedatavectorsontoa probabilityfor eachspeech
unit[14]. Speechunitswerethestandard®7 monophoneghich

comewith this database. The before/aftersilenceand inter

word spacephonemesave beenmegedinto oneclass. Each
MLP hadonehiddenlayerwith numberof hiddenunitspropor

tional to thedimensionof theinputvectorsfed to thatMLP.

4.1. Entropy basedposteriors combination rule

During recognition,the outputsfrom all the seven MLPs were
combinedin a linear confidence-weightedum for eachdata
frame. The confidencaveightw?, for the MLP for eachstream
combinatiorni = 1...S atframe“n” wasgivenby thefollowing

IEWAT (inverseentrofy with averageentrojy threshold)unc-

tion of the posteriorsentrogy A% from thatMLP [8].

S
P(gx|n,©) = > w;, P(gk|a?, 6:) (12)

i=1

where§; arethe parametersf the i** MLP classifierand g

is the k" outputclass. Also, hi, = — 3, P(qx|,.6:) -
log, P(gk|z;,.0;) andK = 27 (numberof monophones).
D Dy
, = ==l 13
h 8 (13)
= _ 10000 : A% > hn
o = { B, : hi <hng (14)
wa = % (15)
i1 1/h

4.2. Testsmade

Model-1 and Model-2 correctedposteriorswere usedfor es-
timating the entropiesusedin MLP weighting. The effect of
thesecorrectionson posteriorsclassificationpower andon the
relationbetweertrueconfidenceandentrogy is shawvn in Figs2
and 3, respectiely. Recognitiontestswere madewith artifi-
cially addedNoisex factorynoiseunderdifferentSNRs(clean,
18,12, 6 and0 dB). Optimal valuefor 8;4,esnota in (10) ob-
tainedfor the developmentset at noise levels clean, 18 and
12 dB were0.2106,0.1472and0.1386,respectrely. We used
Oinreshota = 0.1758for testsat all noiselevel. WER resultsare
shawvn in Fig. 5

5. Discussionand conclusion

Figs.1,2 and4 illustratethatoneof theroot causedor misclas-
sification at high noiselevels in HMM/ANN ASR is the ten-
deng of the ANNSs to confidentlyclassifyeverythingasoneor
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Figure5: WERfor noiselevels’Clean (30dB)’ to SNROdB for
factory noise; Resultsare for multi-steamcombinationusing
IEWAT; Posteriors of theMLPsare usedasscaledikelihoodfor
decoding; Original, Model-1 correctedor Model-2 corrected
entropyis usedfor weightingdifferentstreams.

othernon-speecHattractor” phonemesuchas“space”or “si-
lence”. In Section3 we introducedtwo modelsfor correcting
this error. Model-1is relatively simpleandin Model-2it was
shavn how the speechand non-speecltonfusionmatricesfor
amoderatelynoisy CV datasetcanbe usedfor correction.To-
getherwith speech/non-speedatetection,Model-2 provided a
linear correctionto the posteriorsvector outputfrom an MLP
classifierwhich takes into accountthe patternof CV errors.
Testsshaved that in multiple noise conditions,Model-1 and
Model-2 posteriorscorrectionconsistentlyimproved the accu-
ragy of bothposteriorentropy estimatiorandWER.

Model-2 gives very slight improvement over Model-1

andthe reasoncould be asfollows: While speech/non-speech

detectionwas crucial to the adwancementfrom Model-1 to
Model-2posteriorsorrection thespeech/non-speedetection
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-speechetection techniqueswith  ANN
classification. It would also be of interestto designa set of
speechunits which are more equidistantfrom non-speech
classeandtherebyavoid attractorclasses.
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