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Abstract

We have previously introducedthe GammaMLP which is definedasan
MLP with the usualsynapticweightsreplacecby gamméfilters andassociated
gaintermsthroughoutall layers.In this paperwe applythe GammaMLP to a
largerscalespeectphonemeecognitionproblem,analyzethe operationof the
network, andinvestigatevhy the GammaMLP canperformbetterthanalterna-
tives.The GammaMLP is capableof emplagying multiple temporalresolutions
(the temporalresolutionis definedhere,as per de Vries and Principe,asthe
numberof parametersf freedom(i.e. the numberof tap variables)per unit of
timein thegammamemory-thisis equalto thegammamemoryu parameteas
detailedin the paper).Multiple temporalresolutionsmay be advantageougor
certainproblems e.g. differentresolutionsmay be optimal for extractingdif-
ferentfeaturedrom the input data. For the problemin this paper the Gamma
MLP is obsered to usea large rangeof temporalresolutions.In comparison,
TDNN networkstypically useonly a singletemporalresolution.Furthermoti-
vationfor the GammaMLP is relatedto the “curseof dimensionality”andthe
ability of the GammaMLP to tradeoff temporalresolutionfor memorydepth,
andthereforeincreasememorydepthwithout increasinghe dimensionalityof
the network. The llR MLP is a more generalversionof the GammaMLP —
however the IR MLP performspoorly for the problemin this paper Investi-
gationsuggestshatthe error surfaceof the GammaMLP is more suitablefor
gradientdescentrainingthantheerrorsurfaceof thellR MLP.



1 Intr oduction

Machinelearningmodelsusedfor speectrecognitionarerequiredto accountfor a
high degreeof variability in the data(e.g. acousticvariability, within-speakr vari-
ability, across-speadr variability, and phoneticvariability). For phonemeecogni-
tion, methodsof addressinghesevariabilitiesincludeusinglarger datasetandus-
ing modelswhich take into accounigreatercontext of theacousticsignal. However,
takinginto accountgreatercontext typically leadsto largermodels. The amountof
trainingdatarequiredfor accurateestimationof classdistributionscanincreasesig-
nificantlywhentheinputdimensionalityincreasegcf. the“curseof dimensionality”
[6])!. As thecompleity of thedesiredtargetfunctionfor agivenproblemincreases
while the amountof dataremainsconstantjt becomesncreasinglyproblematicto
estimatethe targetfunction from finite datadueto theill-posednatureof the prob-
lem— mary of themodelswhich fit thetraining datacloselydo not generalizewell
to unseerdata. In orderto reducethe difficulty with trying to approximatea func-
tion which is too complex for the available data, we often considerlooking for a
hierarchicakolutionwhereinitial layersextractfeaturesvhichidentify higherlevel
attributesof thedatawhich enhanceyeneralizationThesefeaturescanbe extracted
manually or automatically The GammaMLP considersa transformatiorfor the
inputsto eachnodeandaimsto optimizethe transformatiorfor eachnodeindivid-
ually in orderto improve performanceThe processanbethoughtof asautomatic
featureextraction(if theoptimaltransformationsvereknown beforehandhenthose
transformationgould be usedto extractnew featuredrom the data).

2 The GammaFilter

Infinite ImpulseRespons€lIR) filters have a significantadvantageover Finite Im-
pulseResponsé€FIR) filtersin signalprocessingthelengthof theimpulseresponse
is uncoupledfrom the numberof filter parameters.The length of the impulsere-
sponsés relatedto the memorydepti? of a system,andhencellR filters allow a
greatermemorydepththanFIR filters of the sameorder However, IIR filters are
not widely usedin adaptve signal processind9]. This may be attributedto the
fact that a) there may be instability during training and b) the gradientdescent
training proceduregrenot guaranteedo locatethe global optimumin the possibly
non-corvex errorsurface[11].

1Additionally, increasedn the“complexity” of thedesiredamgetfunctionmaymake gradientdescent
optimizationmoredifficult — trainingalgorithmsmaytake longerto corverge or becomé'stuck” in local
minimaor “plateaus”which areincreasinglypoor comparedo the globaloptimum.

2A greatememorydepthimpliesthatthe modelcanretainpastinformationfor alongertime.



The useof gammafilters asa memorystructureat the input of an otherwisestan-
dardMLP network wasproposedy de Vries andPrincipe[5]. Thegamméfilter, a
specialcaseof anlIR filter, is designedo retainthe uncouplingof memorydepthto
the numberof parameterprovidedby IIR filters, but to have simple stability con-

ditions. The outputof a neuronin a multilayer perceptroris computedusing® y, =
f (ZNH wfm.yl_l). The additionof shortterm memorywith delayswasconsid-

=0 [
eredby de Vries andPrincipe[5]: yi = f (Zfﬁgl Zf:o Ghij (t =) St — j))
l 1
wheregj;; (t) = (jukil)'tj_l e kit j=1,2 ..., K. Thedepthof thememoryis

controlledby i, and K is theorderof thefilter. For the discretetime casede Vries
andPrincipe[5] obtainthefollowing recurrenceelation:
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wherez(t) is thefilter inputandz;(t) arethefilter outputs.For ¢ < 1 thegamma
filter may be consideredasa low passfilter. For p = 1, the memoryis a tapped
delayline correspondindo the memorystructurein an FIR MLP (An MLP where
the weightsare replacedby FIR filters and optional gain terms[2]) or a TDNN.

For 4 < 1 thegammamemorystructureimplementsa tappeddispersve delayline

wherethe degreeof dispersioris controlledby .

de Vries and Principe[9] definethe temporalresolution,R, of a gammamemory
structureasthe numberof parametersf freedom(i.e. the numberof tapvariables)
per unit of time in the filter memory: R = K/D = p whereD is the memory
depthof the structure(the temporalmeanvalue of theimpulseresponsef the last
tap)[10]: D = K/u. Wheny = 1, thememorydepthis equalto the orderof the

memory K. Thememorydepthincreasesvheny < 1, andthetemporalresolution
decreasesd,e. thegammamemorycantraderesolutionfor memorydepth. There-
fore the gammamemaorycanbe usedto createmodelswhich cantake into account
greatercontext with fewer parametergwithout resortingto the useof a singlelow

temporalresolution)in comparisorto TDNN or FIR MLP models.

3Wherey§c is the outputof neuronk in layer!, N; is the numberof neuronsin layer!, w}m is the
weightconnectingneuronk in layer! to neuron: in layerl — 1, yf) = 1 (bias),and f is commonlya
sigmoidfunction.



3 The GammaMLP

3.1 Motivation

The focusedgammanetworkwhich usesthe gammamemoryas a preprocessing
layerfor astandardVILP hasbeenproposedy de Vries andPrincipe[5]. This net-
work allows for the useof only onetemporalresolutionperinput. However, it may
be desirableto usemultiple temporalresolutionge.g. differentresolutionanay be
optimalfor extractingdifferentfeaturesor for classifyingdifferentphonemes)The
GammaMLP is similarto a standardMLP exceptevery synapseontainsagamma
memorystructureanda gainfactor Thetemporalresolutionof the memoryin each
synapses adjustedseparately Thereforejn contrastwith the focusedgammanet-
work, the GammaMLP is ableto usemultiple temporalresolutions.Additionally,
theGammaMLP cancontaingammamemorystructuresn all layersof thenetwork.

Othermotivationfor the GammaMLP canbe seenwith comparisorto TDNN, FIR
MLP andlIR MLP (An MLP wherethe weightsare replacedby IIR filters and
optionalgainterms[1]) models.In comparisorto the TDNN andFIR MLP models,
the GammaMLP may provide improved performancebecausét allows temporal
resolutionto be tradedfor memorydepth,i.e. for a systemof givendimensionality
the GammaMLP canemploy filters with a greatermemorydepth. Additionally, in
comparisorwith thellR MLP, theGammaMLP maybesignificantlyeasietto train,
whichis discussedurtherin section5.

3.2 Definition

Definition 1 A GammaMLP with L layersexcluding the input layer (0, 1, ..., L), gamma
filters of orderK, and Ny, N1, ..., N neuronerlayer, is definedas:

vi(t) = f=m) @
Nj—1 K
() = Chi(t) D whij (£)2ki; () ©)
i=0 j=0
i () = (%_—1 s (£)) 2hij (8 — 1) + chi(t)zi:i(j—l)(t - 1), 1 f J<K @)
yi (1), ji=0

whereyl (t) is the output of neuronk in layerl attime ¢, ¢,; = synapticgain f(a) =
tanh(a) = (e"‘/2 —e_"‘/z)/(e"‘/2 —|—e_°‘/2), k=1,2,..., N; (neuroninde), ! = 0,1, ..., L
(layer),andz};;|i—o = 1, w;;|i—o0,j20 = 0, ckij|i—o = 1 (bias).

O



A GammaMLP is definedasa multilayer perceptrorwhereevery synapseontains
agammdfilter andagainterm(introducedn [7]), asshovnin thedefinitionabove.

TheGammaMLP is thereforea specialcaseof thellR MLP [1]. Themotivationbe-

hind theinclusionof thegaintermis discussedh section5. A separatg. parameter
is usedfor eachfilter. Gradientdescenupdateequationdor the GammaMLP are

givenin [7]. In practice,it is often desirableto restrictthe GammaMLP structure
by usingGammdilter only in thefirst layerand/omotusingthesynapticgainterms

(ck;), asis alsothe casefor FIR andlIR MLP networks.

4 PhonemeRecognition

4.1 TaskDetails

Our dataconsistsof the “sa” sentencespolen by male membersof demographic
region 3 in the TIMIT databaseThereare79 spealers. The problemis therefore
spealerindependenphonemeprediction. The spealersin thetrainingandtestsets
donotoverlap.

The raw speechdatawas preprocesseahto a sequencef framesusing PLRP The
analysiswindow (frame)was 20 ms. Eachsucceedingrame overlappedwith the
precedingrameby 10 ms. 9 PLP coeficientsplusthe signalpower wereextracted
and usedas featuresdescribingeachframe of data. The differencebetweenthe
currentand previous frameswas addedto the input vectors,asis commonlydone
[4]. Periodsof silencebeforeandafter the sentencesverereducedto two frames
in orderto limit arny skew of the resultscauseddy a disproportionat@ercentag®ef
silenceframes.

Themodelshad40outputscorrespondingo the40phoneme$ TheFIR andgamma
filter orderswere4 (5 taps),andthe TDNN modelhadaninput window of 5 steps
in time. Thetraining setcontained10,000frames,the testsetandvalidationsets
containedb,000frames andthe networkshad40 hiddennodes.The networkswere
trainedfor 200,000updates. We usedstandardbackpropagatiomwith stochastic
update.Thetanh activationfunctionwasused.A “searchthencorverge” learning
rateschedulevasusedwith aninitial learningrateof 0.1 for the 4 parameterand
0.2for all otherparameters.

4TheTIMIT allophonesverecorvertedto the standardiO phonemeset[8].



4.2 Results

Resultsare presentedor framelevel phonemeecognition,i.e. for eachframethe
recognizepredictsthecurrentphonemeA few obsenationsregardingtheexpected
results:guessingvould resultin 97.5%error, coarticulatio? makesthe task diffi-

cult, andthe possibility of zeroerrorwould not be expecteddueto inevitable diffi-

culty anderrorsin thephonemdabelling.

The frequenciesof the forty classesvariessignificantly andit wasfound that all

modelshad a tendeng to “ignore” the rarer phonemeg3] dueto biasesinherent
in the neuralnetwork architectureandtraining algorithm. We thereforeemployed
a scalingtechniquewherebyweight updatesare scaledon a classby classbasis.
Theamountof scalingis variedusinga controlparameterc;,, from none(c, = 0) to

scalingaccordingo theprior probabilitiesof theclassegcs = 1). Yaeyeretal. have
recentlyintroduceda very similar techniquewhich they call “frequeng balancing”
[12].

Reportingresultsin termsof the percentagef correctclassificationscanbe mis-
leadingwhenthe frequeng of the individual classesvariessignificantly (e.g. a
relatively low errorratemaybeachiezedby a network whichignoreslow frequengy
classes).For this reasonyesultsarereportedherein termsof the MSSE which is
definedas: MSSE= NL Zficl(l — S;)? whereN, = thenumberof classeandsS;
= the sensitvity of classi. Thesensitvity of a classis definedasthe proportionof
eventslabelledasthatclasswhich arecorrectlydetectedThis criterionwaschosen
becauseachclassis givenequalimportanceandthe squarecausesowerindividual
sensitvities to bepenalizedmore(e.g.for atwo classproblem,classsensitvities of
100%and0% producea higherMSSEthansensitvities of 50%and50%).

Figure 1 shows the resultsfor the GammaMLP, FIR MLP, and TDNN networks.
Thedegreeof scaling,cs, wasvariedfrom 0 to 1. Fivetrialswereperformedn each
case. The FIR MLP and GammaMLP networks containedfilters in both layers.
The GammaMLP containedsynapticgains,however the FIR MLP wasfound to

performsignificantlybetterwithoutthesynapticgainsfor this problem.Scalingwith

¢s = 0.75 resultedin the bestperformancdor eachof the networks and,therefore,
scalingwith ¢; = 0.75 wasusedfor thelaterresults.

Resultsfor thellR MLP arenot showvn becausét wasnot possibleto obtainsignif-
icantcorvergence.Theoretically the IR MLP modelis the mostpowerful model
usedhere(in the sensehatit canrepresent greatewvarietyof computationastruc-
turesthanthe othernetworkswith the samenumberof hiddennodes)In particular
the GammaMLP is a specialcaseof thellR MLP. AlthoughthellR MLP is prone

SCoarticulationrefersto changesn the way a speectsegmentis articulateddependingon previous
(backwvard coarticulationjandfollowing segmentg(forward coarticulation).



to stability problems the stability of the modelcanandwascontrolledin the sim-
ulationsperformedhere(by reflectingpolesthat move outsidethe unit circle back
inside). The mostobvious hypothesidor the difficulty in trainingthe modelis re-
latedto the error surfaceandthe natureof gradientdescent.t is expectedthatthe
errorsurfaceof thellR MLP presentgreatedifficulty to gradientdescenbptimiza-
tion. Thisis discussedurtherin the next section.
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Figurel. TestMSSEresultsasthe degreeof scalingis modified. The besterrorcorresponds
to a scalingdegree of 0.75for eachnetwork type. At eachpoint, box-whislers plots are
shavn ontheleft andthe meanplusandminusonestandardieviation is shavn on theright.
Five trials wereperformedn eachcase.

5 Discussion

The GammaMLP may performbetterthanthe standardTDNN andthe FIR MLP
for speechrecognitionbecaus¢he gammdfiltering operationallows processinghe
input datausing multiple temporalresolutions. The GammaMLP can therefore
accountfor more pasthistory of the signalfor a systemof a given order (without
resortingto theuseof asinglelow temporakesolution).Figure2 shavsthedistribu-
tion of thegammau parameter@ atypicaltrainedGammaMLP. It canbeseerthat



arangeof p parametersandthereforea rangeof temporalresolutionsjs employed
by the network.
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Figure2. Thefinal distribution of thegammay parameterfor asampleGammaMLP.

The GammaMLP often performsbetterwhenusingthe synapticgainterms. This
improvementmay be considerednon-intuitive to mary — the synapticgainsadd
degreesof freedom,but no additionalrepresentationgbower. However, the error
surfacewill be differentin eachcase,andresultsindicatethat the surfacefor the
synapticgainscasecanoftenbe moreamenabldo gradientdescent.

For the problemconsideredchere,the GammaMLP performssignificantly better
thanthe IIR MLP althoughthe GammaMLP is a specialcaseof the IR MLP. It
is reasonabldo believe that the IR MLP could perform aswell as, or possibly
betterthan, the GammaMLP, but in practiceit is difficult to make it do so for
the problemconsideredhere. Figure 3 shavs sampleplots of the error surfacefor
Gammaand IR MLP networks. In orderto reducecomputationalexpenseand
usenetworks with fewer parameterdo aid visualization,a simplertask hasbeen
chosen. The taskis Mackey-Glassprediction using networks that containonly
five hiddennodes(the order of the filters was4, the initial learningratewasO0.1,
thetraining, test,andvalidation setscontained500 points,and 100,000stochastic
updateswere performedin eachcase). Even with suchsmall networks, the error
surfacehasmary dimensiongnakingvisualizationdifficult. Eachplotin thefigures
is with respecto two randomlychosendimensions.n eachcase the centerof the
plot correspondso the valuesof the parameteraftertrainingandthe rangeof each
parameteon the plot is 8. The NMSE wasevaluatedat 225 pointsequallyspaced
in agrid. ForthellR MLP, agreateipercentagef “flat spots”andcomples surfaces
canbe obsened. On average the error surfacefor the IR MLP appeargo beless
suitablefor gradientdescenbptimization, reinforcingtheconclusiorthatthepoorer
performancef the IR MLP is dueto optimizationbeingmoredifficult. Hence,in
usingthe GammaMLP insteadof the IR MLP, we aretradingoff computational
capacityfor easiertraining. The testNMSE resultsfor 20 simulationseachusing
thesenetworksshaw thatthebestperformingllR MLP wasonly slightly worsethan
the bestperforming GammaMLP. However, the GammaMLP was significantly



betteron average(NMSE of 0.0341versus).185for thellR MLP).
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Figure3. Error surfaceplotsfor asampleGammaMLP (left two columns)anda samplellR
MLP (right two columns).Eachplot is with respecto two randomlychoserdimensionsin
eachcasethecenterof theplot correspond$o thevaluesof the parameteraftertraining. The
z-axisscalevariesfrom plot to plotin orderto shav the qualitative aspect®f the surface(the
plotsonly caver variationin two dimensionsandareonly plottedaroundonepointin weight
spacethereforequantitatve conclusionshouldbedravn from thefinal NMSEresults).From
mary of theseplots we have obsered thatthereis a greaterpercentagef “flat spots”and
comple surfacesfor thelIR MLP.

6 Conclusions

We have appliedthe GammaMLP to a speeclphonemerecognitionproblem,an-
alyzedthe operationof the network, andinvestigatedwvhy the GammaMLP can
performbetterthanalternatves. The GammaMLP is capableof employing mul-

tiple temporalresolutionswhich may be advantageoudor certainproblems,e.g.
differentresolutionamay be optimalfor extractingdifferentfeaturedrom theinput
data.Fortheproblemin this paperthe GammaMLP is obsenedto usealargerange
of temporalresolutionsin comparisonTDNN networkstypically useonly asingle
temporalresolution. The GammaMLP is ableto tradeoff temporalresolutionfor

memorydepth,andthereforeincreasenemorydepthwithoutincreasinghe dimen-
sionality of the network (or usinga singlelow temporalresolution). The IR MLP

is a more generalversionof the GammaMLP — howeverthe lIR MLP performed
poorlyfor theproblemin this paper Investigatiorsuggestethattheerrorsurfaceof

theGammaMLP is moresuitablefor gradientdescentrainingthantheerrorsurface
of thellR MLP.
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