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Abstract

We have previously introducedthe GammaMLP which is definedas an
MLP with theusualsynapticweightsreplacedby gammafilters andassociated
gaintermsthroughoutall layers.In this paperwe apply theGammaMLP to a
largerscalespeechphonemerecognitionproblem,analyzetheoperationof the
network, andinvestigatewhy theGammaMLP canperformbetterthanalterna-
tives.TheGammaMLP is capableof employing multiple temporalresolutions
(the temporalresolutionis definedhere,asper de Vries andPrincipe,as the
numberof parametersof freedom(i.e. thenumberof tapvariables)perunit of
timein thegammamemory– thisisequalto thegammamemory� parameteras
detailedin thepaper).Multiple temporalresolutionsmaybeadvantageousfor
certainproblems,e.g. differentresolutionsmaybe optimal for extractingdif-
ferentfeaturesfrom the input data.For theproblemin this paper, theGamma
MLP is observed to usea largerangeof temporalresolutions.In comparison,
TDNN networkstypically useonly a singletemporalresolution.Furthermoti-
vation for theGammaMLP is relatedto the“curseof dimensionality”andthe
ability of theGammaMLP to tradeoff temporalresolutionfor memorydepth,
andthereforeincreasememorydepthwithout increasingthedimensionalityof
the network. The IIR MLP is a moregeneralversionof the GammaMLP –
however the IIR MLP performspoorly for theproblemin this paper. Investi-
gationsuggeststhat theerrorsurfaceof theGammaMLP is moresuitablefor
gradientdescenttrainingthantheerrorsurfaceof theIIR MLP.



1 Intr oduction

Machinelearningmodelsusedfor speechrecognitionarerequiredto accountfor a
high degreeof variability in thedata(e.g. acousticvariability, within-speaker vari-
ability, across-speaker variability, andphoneticvariability). For phonemerecogni-
tion, methodsof addressingthesevariabilitiesincludeusinglargerdatasetsandus-
ing modelswhich take into accountgreatercontext of theacousticsignal.However,
takinginto accountgreatercontext typically leadsto largermodels.Theamountof
trainingdatarequiredfor accurateestimationof classdistributionscanincreasesig-
nificantlywhentheinputdimensionalityincreases(cf. the“curseof dimensionality”
[6])1. As thecomplexity of thedesiredtargetfunctionfor agivenproblemincreases
while theamountof dataremainsconstant,it becomesincreasinglyproblematicto
estimatethetargetfunctionfrom finite datadueto theill-posednatureof theprob-
lem – many of themodelswhich fit thetrainingdatacloselydo not generalizewell
to unseendata. In orderto reducethedifficulty with trying to approximatea func-
tion which is too complex for the availabledata,we often considerlooking for a
hierarchicalsolutionwhereinitial layersextractfeatureswhich identify higherlevel
attributesof thedatawhich enhancegeneralization.Thesefeaturescanbeextracted
manually, or automatically. The GammaMLP considersa transformationfor the
inputsto eachnodeandaimsto optimizethetransformationfor eachnodeindivid-
ually in orderto improveperformance.Theprocesscanbethoughtof asautomatic
featureextraction(if theoptimaltransformationswereknown beforehandthenthose
transformationscouldbeusedto extractnew featuresfrom thedata).

2 The Gamma Filter

Infinite ImpulseResponse(IIR) filters have a significantadvantageover Finite Im-
pulseResponse(FIR) filters in signalprocessing:thelengthof theimpulseresponse
is uncoupledfrom the numberof filter parameters.The lengthof the impulsere-
sponseis relatedto the memorydepth2 of a system,andhenceIIR filters allow a
greatermemorydepththanFIR filters of the sameorder. However, IIR filters are
not widely usedin adaptive signalprocessing[9]. This may be attributed to the
fact that a) theremay be instability during training and b) the gradientdescent
trainingproceduresarenot guaranteedto locatetheglobaloptimumin thepossibly
non-convex errorsurface[11].

1Additionally, increasesin the“complexity” of thedesiredtargetfunctionmaymakegradientdescent
optimizationmoredifficult – trainingalgorithmsmaytake longerto convergeor become“stuck” in local
minimaor “plateaus”whichareincreasinglypoorcomparedto theglobaloptimum.

2A greatermemorydepthimpliesthatthemodelcanretainpastinformationfor a longertime.



The useof gammafilters asa memorystructureat the input of an otherwisestan-
dardMLP network wasproposedby deVries andPrincipe[5]. Thegammafilter, a
specialcaseof anIIR filter, is designedto retaintheuncouplingof memorydepthto
thenumberof parametersprovidedby IIR filters, but to have simplestability con-
ditions.Theoutputof a neuronin a multilayerperceptronis computedusing3 �	�
��
����������������� � �
 � � �"! ��$# . Theadditionof shorttermmemorywith delayswasconsid-

eredby deVries andPrincipe[5]: �	�
%� 
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controlledby 7 , and N is theorderof thefilter. For thediscretetime case,deVries
andPrincipe[5] obtainthefollowing recurrencerelation:OQP;R�S5TVUXWZY R�S5T\[ ]^U�_R �a`8b T5OcPdR�S `e� T�f b OcPhgji=R�S `k� TQ[l]^U � [ � [6mDm(mD[Qn (1)

where o ,.-62 is thefilter input and p ' ,.-62 arethefilter outputs.For 7rq 9 thegamma
filter may be consideredasa low passfilter. For 7 � 9 , the memoryis a tapped
delayline correspondingto thememorystructurein anFIR MLP (An MLP where
the weightsare replacedby FIR filters andoptionalgain terms[2]) or a TDNN.
For 7:q 9 thegammamemorystructureimplementsa tappeddispersive delayline
wherethedegreeof dispersionis controlledby 7 .
de Vries andPrincipe[9] definethe temporalresolution, s , of a gammamemory
structureasthenumberof parametersof freedom(i.e. thenumberof tapvariables)
per unit of time in the filter memory: s � Nutdv � 7 where v is the memory
depthof thestructure(the temporalmeanvalueof the impulseresponseof the last
tap) [10]: v � N�t 7 . When 7 � 9 , thememorydepthis equalto theorderof the
memory, N . Thememorydepthincreaseswhen 7wq 9 , andthetemporalresolution
decreases,i.e. thegammamemorycantraderesolutionfor memorydepth.There-
fore thegammamemorycanbeusedto createmodelswhich cantake into account
greatercontext with fewer parameters(without resortingto theuseof a singlelow
temporalresolution)in comparisonto TDNN or FIR MLP models.

3where xMyz is the outputof neuron { in layer | , } y is the numberof neuronsin layer | , ~�yzI� is the
weight connectingneuron { in layer | to neuron � in layer | `�� , x y� U � (bias),and � is commonlya
sigmoidfunction.



3 The Gamma MLP

3.1 Moti vation

The focusedgammanetworkwhich usesthe gammamemoryas a preprocessing
layerfor astandardMLP hasbeenproposedby deVries andPrincipe[5]. This net-
work allows for theuseof only onetemporalresolutionperinput. However, it may
bedesirableto usemultiple temporalresolutions(e.g. differentresolutionsmaybe
optimalfor extractingdifferentfeaturesor for classifyingdifferentphonemes).The
GammaMLP is similar to a standardMLP exceptevery synapsecontainsa gamma
memorystructureandagainfactor. Thetemporalresolutionof thememoryin each
synapseis adjustedseparately. Therefore,in contrastwith thefocusedgammanet-
work, theGammaMLP is ableto usemultiple temporalresolutions.Additionally,
theGammaMLP cancontaingammamemorystructuresin all layersof thenetwork.

Othermotivationfor theGammaMLP canbeseenwith comparisonto TDNN, FIR
MLP and IIR MLP (An MLP wherethe weightsare replacedby IIR filters and
optionalgainterms[1]) models.In comparisonto theTDNN andFIR MLP models,
the GammaMLP may provide improved performancebecauseit allows temporal
resolutionto betradedfor memorydepth,i.e. for a systemof givendimensionality,
theGammaMLP canemploy filters with a greatermemorydepth.Additionally, in
comparisonwith theIIR MLP, theGammaMLP maybesignificantlyeasierto train,
which is discussedfurtherin section5.

3.2 Definition

Definition 1 A GammaMLP with � layersexcluding the input layer ( �d�����=�+�+�+�6� ), gamma
filters of order � , and � � �D� i ���+�+���(��� neuronsperlayer, is definedas:� yz����D�)� ���=� yz����D�c� (2)� y z����D�)� � ������ ��� �8� yzI�\���D�¡ �P � �£¢ yzI� P ���\�Q¤ yz(� P ���D� (3)
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where � yz ���D� is the output of neuron ± in layer ² at time � , � y zI� � synapticgain, f �"³)�´�µ6¶M·G¸ �"³��j�¹�.º=»�¼(½ ¦ º g »�¼6½��\¾��.º=»�¼6½¿§eº g »�¼6½=� , ± � ���(À����+�+���6� y (neuronindex), ² � �d�=�����+�+�+�6�
(layer),and ¤ yzI� PdÁ ��� � � �M� ¢ yzI� P�Á ��� �IÂ P�Ã� � � ��� � y zI� P�Á ��� � � � (bias). Ä



A GammaMLP is definedasa multilayerperceptronwhereeverysynapsecontains
agammafilter andagainterm(introducedin [7]), asshown in thedefinitionabove.
TheGammaMLP is thereforeaspecialcaseof theIIR MLP [1]. Themotivationbe-
hind theinclusionof thegaintermis discussedin section5. A separate7 parameter
is usedfor eachfilter. Gradientdescentupdateequationsfor theGammaMLP are
given in [7]. In practice,it is oftendesirableto restricttheGammaMLP structure
by usingGammafilter only in thefirst layerand/ornotusingthesynapticgainterms
( Å � 
 � ), asis alsothecasefor FIR andIIR MLP networks.

4 PhonemeRecognition

4.1 Task Details

Our dataconsistsof the “sa” sentencesspoken by malemembersof demographic
region 3 in the TIMIT database.Thereare79 speakers. The problemis therefore
speaker independentphonemeprediction.Thespeakersin thetrainingandtestsets
do notoverlap.

The raw speechdatawaspreprocessedinto a sequenceof framesusingPLP. The
analysiswindow (frame)was20 ms. Eachsucceedingframeoverlappedwith the
precedingframeby 10 ms. 9 PLPcoefficientsplusthesignalpower wereextracted
and usedas featuresdescribingeachframe of data. The differencebetweenthe
currentandprevious frameswasaddedto the input vectors,asis commonlydone
[4]. Periodsof silencebeforeandafter the sentenceswerereducedto two frames
in orderto limit any skew of theresultscausedby a disproportionatepercentageof
silenceframes.

Themodelshad40outputscorrespondingto the40phonemes4. TheFIRandgamma
filter orderswere4 (5 taps),andtheTDNN modelhadan input window of 5 steps
in time. The training setcontained10,000frames,the testsetandvalidationsets
contained5,000frames,andthenetworkshad40hiddennodes.Thenetworkswere
trainedfor 200,000updates. We usedstandardbackpropagationwith stochastic
update.The Æ�ÇdÈJÉ activationfunctionwasused.A “searchthenconverge” learning
rateschedulewasusedwith an initial learningrateof 0.1 for the 7 parametersand
0.2for all otherparameters.

4TheTIMIT allophoneswereconvertedto thestandard40phonemeset[8].



4.2 Results

Resultsarepresentedfor framelevel phonemerecognition,i.e. for eachframethe
recognizerpredictsthecurrentphoneme.A few observationsregardingtheexpected
results:guessingwould result in 97.5%error, coarticulation5 makesthe taskdiffi-
cult, andthepossibilityof zeroerrorwould not beexpecteddueto inevitablediffi-
culty anderrorsin thephonemelabelling.

The frequenciesof the forty classesvariessignificantly, and it was found that all
modelshada tendency to “ignore” the rarerphonemes[3] due to biasesinherent
in the neuralnetwork architectureandtraining algorithm. We thereforeemployed
a scalingtechniquewherebyweight updatesarescaledon a classby classbasis.
Theamountof scalingis variedusingacontrolparameter, ÅLÊ , from none( ÅLÊ �ÌË ) to
scalingaccordingto theprior probabilitiesof theclasses( ÅLÊ � 9 ). Yaegeretal. have
recentlyintroduceda very similar techniquewhich they call “frequency balancing”
[12].

Reportingresultsin termsof the percentageof correctclassificationscanbe mis-
leadingwhen the frequency of the individual classesvariessignificantly (e.g. a
relatively low errorratemaybeachievedby anetwork whichignoreslow frequency
classes).For this reason,resultsarereportedherein termsof the MSSEwhich is
definedas:MSSE � ���Í � ��Í��� � ,D9�/XÎ � 2 � where ÏÑÐ = thenumberof classesand Î �
= thesensitivity of classÒ . Thesensitivity of a classis definedastheproportionof
eventslabelledasthatclasswhich arecorrectlydetected.This criterionwaschosen
becauseeachclassis givenequalimportanceandthesquarecauseslower individual
sensitivities to bepenalizedmore(e.g.for a two classproblem,classsensitivitiesof
100%and0%producea higherMSSEthansensitivities of 50%and50%).

Figure1 shows the resultsfor the GammaMLP, FIR MLP, andTDNN networks.
Thedegreeof scaling,ÅLÊ , wasvariedfrom 0 to 1. Fivetrialswereperformedin each
case. The FIR MLP andGammaMLP networks containedfilters in both layers.
The GammaMLP containedsynapticgains,however the FIR MLP wasfound to
performsignificantlybetterwithoutthesynapticgainsfor thisproblem.ScalingwithÅLÊ �ÓË K4Ô�Õ resultedin thebestperformancefor eachof thenetworksand,therefore,
scalingwith ÅLÊ ��Ë K4Ô�Õ wasusedfor thelaterresults.

Resultsfor theIIR MLP arenot shown becauseit wasnot possibleto obtainsignif-
icant convergence.Theoretically, the IIR MLP model is the mostpowerful model
usedhere(in thesensethatit canrepresentagreatervarietyof computationalstruc-
turesthantheothernetworkswith thesamenumberof hiddennodes).In particular,
theGammaMLP is a specialcaseof theIIR MLP. AlthoughtheIIR MLP is prone

5Coarticulationrefersto changesin the way a speechsegmentis articulateddependingon previous
(backwardcoarticulation)andfollowing segments(forwardcoarticulation).



to stability problems,thestability of themodelcanandwascontrolledin thesim-
ulationsperformedhere(by reflectingpolesthatmove outsidetheunit circle back
inside). Themostobvioushypothesisfor thedifficulty in training themodelis re-
latedto theerrorsurfaceandthenatureof gradientdescent.It is expectedthat the
errorsurfaceof theIIR MLP presentsgreaterdifficulty to gradientdescentoptimiza-
tion. This is discussedfurtherin thenext section.
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Figure1. TestMSSEresultsasthedegreeof scalingis modified.Thebesterrorcorresponds
to a scalingdegreeof 0.75 for eachnetwork type. At eachpoint, box-whiskers plots are
shown on theleft andthemeanplusandminusonestandarddeviation is shown on theright.
Five trialswereperformedin eachcase.

5 Discussion

TheGammaMLP may performbetterthanthe standardTDNN andthe FIR MLP
for speechrecognitionbecausethegammafiltering operationallowsprocessingthe
input datausing multiple temporalresolutions. The GammaMLP can therefore
accountfor morepasthistory of the signalfor a systemof a given order(without
resortingto theuseof asinglelow temporalresolution).Figure2 showsthedistribu-
tion of thegamma7 parametersin atypical trainedGammaMLP. It canbeseenthat



arangeof 7 parameters,andthereforea rangeof temporalresolutions,is employed
by thenetwork.
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Figure2. Thefinal distributionof thegamma� parametersfor a sampleGammaMLP.

TheGammaMLP oftenperformsbetterwhenusingthesynapticgain terms. This
improvementmay be considerednon-intuitive to many – the synapticgainsadd
degreesof freedom,but no additionalrepresentationalpower. However, the error
surfacewill be different in eachcase,andresultsindicatethat the surfacefor the
synapticgainscasecanoftenbemoreamenableto gradientdescent.

For the problemconsideredhere, the GammaMLP performssignificantly better
thanthe IIR MLP althoughthe GammaMLP is a specialcaseof the IIR MLP. It
is reasonableto believe that the IIR MLP could perform as well as, or possibly
better than, the GammaMLP, but in practiceit is difficult to make it do so for
theproblemconsideredhere. Figure3 shows sampleplots of the errorsurfacefor
Gammaand IIR MLP networks. In order to reducecomputationalexpenseand
usenetworks with fewer parametersto aid visualization,a simpler task hasbeen
chosen. The task is Mackey-Glassprediction using networks that containonly
five hiddennodes(the orderof the filters was4, the initial learningratewas0.1,
the training, test,andvalidationsetscontained500 points,and100,000stochastic
updateswereperformedin eachcase). Even with suchsmall networks, the error
surfacehasmany dimensionsmakingvisualizationdifficult. Eachplot in thefigures
is with respectto two randomlychosendimensions.In eachcase,thecenterof the
plot correspondsto thevaluesof theparametersaftertrainingandtherangeof each
parameteron theplot is 8. TheNMSE wasevaluatedat 225pointsequallyspaced
in agrid. For theIIR MLP, agreaterpercentageof “flat spots”andcomplex surfaces
canbeobserved. On average,theerrorsurfacefor the IIR MLP appearsto be less
suitablefor gradientdescentoptimization,reinforcingtheconclusionthatthepoorer
performanceof theIIR MLP is dueto optimizationbeingmoredifficult. Hence,in
usingthe GammaMLP insteadof the IIR MLP, we aretradingoff computational
capacityfor easiertraining. The testNMSE resultsfor 20 simulationseachusing
thesenetworksshow thatthebestperformingIIR MLP wasonly slightly worsethan
the bestperformingGammaMLP. However, the GammaMLP was significantly



betteronaverage(NMSEof 0.0341versus0.185for theIIR MLP).
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Figure3. Errorsurfaceplotsfor a sampleGammaMLP (left two columns)anda sampleIIR
MLP (right two columns).Eachplot is with respectto two randomlychosendimensions.In
eachcase,thecenterof theplot correspondsto thevaluesof theparametersaftertraining.The¤ -axisscalevariesfrom plot to plot in orderto show thequalitativeaspectsof thesurface(the
plotsonly cover variationin two dimensionsandareonly plottedaroundonepoint in weight
space,thereforequantitativeconclusionsshouldbedrawn fromthefinalNMSEresults).From
many of theseplots we have observed that thereis a greaterpercentageof “flat spots”and
complex surfacesfor theIIR MLP.

6 Conclusions

We have appliedthe GammaMLP to a speechphonemerecognitionproblem,an-
alyzedthe operationof the network, and investigatedwhy the GammaMLP can
performbetterthanalternatives. The GammaMLP is capableof employing mul-
tiple temporalresolutions,which may be advantageousfor certainproblems,e.g.
differentresolutionsmaybeoptimalfor extractingdifferentfeaturesfrom theinput
data.For theproblemin thispaper, theGammaMLP is observedto usealargerange
of temporalresolutions.In comparison,TDNN networkstypically useonly asingle
temporalresolution.TheGammaMLP is ableto tradeoff temporalresolutionfor
memorydepth,andthereforeincreasememorydepthwithout increasingthedimen-
sionalityof thenetwork (or usinga singlelow temporalresolution).TheIIR MLP
is a moregeneralversionof the GammaMLP – however the IIR MLP performed
poorly for theproblemin thispaper. Investigationsuggestedthattheerrorsurfaceof
theGammaMLP is moresuitablefor gradientdescenttrainingthantheerrorsurface
of theIIR MLP.



References

[1] A.D. Back. New Techniquesfor Nonlinear SystemIdentification: A Rapprochement
BetweenNeural Networksand Linear Systems. PhD thesis,Departmentof Electrical
Engineering,Universityof Queensland,1992.

[2] A.D. BackandA.C. Tsoi. FIR andIIR synapses,a new neuralnetwork architecturefor
timeseriesmodeling.Neural Computation, 3(3):375–385,1991.

[3] EtienneBarnard,R.A. Cole,andL. Hou.Locationandclassificationof plosiveconstants
usingexpertknowledgeandneural-netclassifiers.Journal of theAcousticalSocietyof
America, 84 Supp1:S60,1988.

[4] H.A. Bourlard and N. Morgan. ConnnectionistSpeech Recognition: A Hybrid Ap-
proach. Kluwer AcademicPublishers,Boston,MA, 1994.

[5] B. deVries andJ.C.Principe.TheGammamodel– a new neuralnetwork for temporal
processing.Neural Networks, 5(4):565–576,1992.

[6] J.H.Friedman.Introductionto computationallearningandstatisticalprediction.Tuto-
rial Presentedat NeuralInformationProcessingSystems,Denver, CO,1995.

[7] Steve Lawrence,A.C. Tsoi, andA.D. Back. The GammaMLP for speechphoneme
recognition.In D. Touretzky, M. Mozer, andM. Hasselmo,editors,Advancesin Neural
InformationProcessingSystems, volume8, pages785–791.MIT Press,1996.

[8] Kai-Fu LeeandHsiao-WuenHon. Speaker-independentphonerecognitionusinghid-
denMarkov models.IEEE Transactionson Acoustics,Speech, andSignalProcessing,
37(11):1641–1648,1989.

[9] J.C.Principe,B. deVries, andP. Oliveira. Thegammafilter – a new classof adaptive
IIR filters with restrictedfeedback.IEEE Transactionson SignalProcessing, 41:649–
656,1993.

[10] J.C.Principe,J.M. Kuo,andS.Celebi.An analysisof theGammamemoryin dynamic
neuralnetworks. IEEETransactionson Neural Networks, 5(2):331–337,1994.

[11] J.J.Shynk.Adaptive IIR filtering. IEEE ASSPMagazine, pages4–21,1989.

[12] L. Yaeger, R. Lyon, and B. Webb. Effective training of a neuralnetwork character
classifierfor word recognition. In M.C. Mozer, M.I. Jordan,andT. Petsche,editors,
Advancesin Neural InformationProcessingSystems9, Cambridge,MA, 1997.MIT
Press.


