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ABSTRACT

We presenta frameworkfor the self-organizedormation of high level learningby a statisticalpre-
processingf featuresThe paperfocusedirst on the formation of the featuresin the contextof layers
of feature processingunits as a kind of resource-restrictedssociativemultiresolutionlearning We
clamethat suchan architecturamustreachmaturity by basicstatisticalproportionspoptimizingthein-
formation processingcapabilitiesof eachlayer. The final symbolicoutputis learnedby pure assoca-
tion of features of different levels and kind of sensorial input.

Finally, we also show that common error-correction learning for nséttss canbe accomplishedilso
by non-specific ssociative learning.

Keywords:feedforwardnetworklayers,maximalinformationgain, restrictedHebbianlearning,cellu-
lar neural nets, evolutionary associative learning

1 INTRODUCTION

In every-daylife we canobservethe astonishingabilities of a kind of nature-made
information processingsystemsgalled"children"”. As designersf information proces-
ing computersystemswhich try to implementgood visual and speechrecognitionfea-
tureswe haveto admitthat mothernaturehasalreadydonebetterthanus: The natural
systems dmot need(normally!) preprocessedoise-freeselectednput or to be adjusted
in convergencgarametersSince complex computersystemsneedsuch a data fault-
tolerant, self organizeduserinterface,we shouldask impatiently: How canwe imple-
ment a system giving rise to the same features?

This papertriesto presenthe view for someof the questionsgspeciallyconcerning
the fault-tolerant, self-organizedprocessingof featuresto symbols;but there all still
many quetions left open for future research.

Let usfirst look to known proportionsof naturalsystemsdueto experimentabbse-
vations.



1) For the visual system, we know that the information, although intrinsically massively
parallel,is processedequentiallyin severalareasof the brain, seee.qg.[1]. Fig. 1
shows the raw structure of different stages or layers.
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Fig. 1 Information processing in the raw visual layer structure

Here, the sensory inputfisst processedby cellswhich give simpleresponsesThen,
the responsesare tied to more and more complexinput patterns.Inducedby this
view, a hypotheticdlastlayer neuronshouldexistwhich is only activewhene.g.the
grandmothercomesinto sightandis thereforecalleda "grandmothemeuron”.It is
not reasonableéhat sucha neuronreally exists,becausét mapsa certaineventto a
singleneuron.Sincein all living beingsneuronsdie with a certainrate,an animal
which codes an important event only by arironmight die shortly afterthe corre-
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sponding neuron, enfavouring others who code it by several neurons.

For the first layer, accordingto the experimentsof Kuffler [2], we know that the
visual sensoryinput is processedby neuronsweighting their neighborednput by a
special weighting function, called "receptive fiel@he receptivefields of successive
layersare enlargedwhich canbe explainedby surjectiveprojectionsof the neuronal
outputto the nextlayer; either by spin-offs of the axonsor by the extensionof the
dendritetree. Due to its form, the receptivefield function is called "Mexican hat"
function. Similar receptive fields have also been found in the auditory pathway.
Daughman showed in [3] that the experimental findingsdoeptivefields in differ-
ent layersof cat visual cortex can all be modeledby windowed,locally computed
Fourier components (e.g. wavelets or Gabor functions).

In [4] Okajima showedthat biological visual systemcan be interpretedby local
Fouriertransformswhich are organizedin setsof frequencycomponentsgachone
forming one hypercolumnon the visual cortex. In this model, also shift and defar-
mation invariance of visual recognition is supported.

Neverthelesshoth authorsdo not sayhow theseFourieror Gabortransformsevolve
in the cortex.

The characteristicof the information processingn eachlayer are quite different.

For the input, after a logarithmicintensity encodingstage,we know that the visual

processings simply linear. The following layersare not so well explored.For the

secondayer, we know that eachreceptivefield of it is stretchedn a certaindirec-

tion. Edgeswhich arealignedin parallelto this directioncausea high activity reac-

tion of the neuron.Sincethereare severaldirections,the visual informationis proc-

essedy a setof featuredetectorsFor everypixel, thereis a setof featuredetectors,
organized in a columnar structure.

The whole connectionstructureis controlled by a maturatingprocess.It is well
known that all higher animals are subject to an imprinting stage whichrtadtesr
lesstime. In this stage,lower to higher order abilities ("connections")are formed
and, after the end of the imprinting time period, constantlymaintained.Neuro-
physiological findings for the visual cortex [5] show that in this timecthesceleton
of the lower layer neuronsare formed and impedeall changedn the synapticcir-
cuitry after that time period.

In generalthe furtherwe proceedn the encodingpathway the lesswe know about

the natureof the encoding.Thus,the main sourceof ideaslaysin simulationsandfunc-
tional modelsof the information processingsystem.Here, someideasfor the technical
applicationof artificial neuralnetworksmight help us which are describedn the next
sections.



2 OUTLINE OF AN INFORMATION PROCESSING M ODEL

Let us introducethe model by somepropositionswhich are not mandatory.Their
only purposeis to introducean informationprocessingystenmwhich is consistento the
findings of the previoussection.After introducingthe assumptionsywe will try to fill up
the frame with more substantial, mathematically sustained model parts.

Preposition 1:
The main information processings donein severalstagescalled "layers", insteadof
only one giant, completely connected network.

Remark:

This preposition(which is basedon observatioril) precludesnot the existenceof feed-
back lines within and between layers. However, the feedbeekbetweerlayersshould
have orders in magnitude of information stream less than the feedforward lines.

Preposition 2:
Each stage tries to extract the maximal information of the input with the ésastaes.

Remark:

This prepositionneedsmore evaluation.For instance,we do not know exactly what
"leastresources'means.For example,this can be measuredy the numberof neurons
peroutputbit per secondof a layer, by the necessarmumberof synapticweightsor by a
layer activity measurewhich takesthe energy stream (e.g. acetylcholin or oxygen
stream, swithing current, dissipation heat, etc.) into account.

Preposition 3:
The maturationof the layersstartsat the first input layer and effectsthe higher order
layers afterwards, according to correlated activity.

Remark:

This generalizeghe biological observationghat the ripening processdependson the
activationby sensoryinput, andthatchemicalmoleculege.g.MAP2, se€[5]) which are
responsible folow-level cytosceletormaturationarealsopresenin the brainpartsused
for higher levels of information processing.

Preposition 4:
The maturestateis identicalto the stationarityof the outputpatternprobability distribu-
tion.

Remark:

Propositions3 and 4 introducethe ideathat the systemof layersis subjectto certain
ripening processesThe observedfact that humanscan not learn low level primitives
after a certain imprinting time might have a certaimlogical senseOn the background
of multi-layer simulation experiencewe can suggestthat this might be the meansto
providestablelearningto subsequentayersby providing a stationaryinput distribution

to them.Otherwise changef the distributionin thefirst layer might causea complete
unstable learning process in higher order layers causing unstable action sequences.



Preposition 5:
Learningin theselayersis directedby statistical proportionsof associationsnot by
back-propagated error correction or other direct pattern feedback information.

Remark:
This idea excludesall backpropagatiotearningalgorithms.The main reasonfor this
prepositionis the fact that, sincewe do not know the internal behaviorof our nervous
system,we can not guide it properly by specialerror patterns.All feedbackmust be
incorporateday slow, very generalfeedbackinformation (e.g. attentionlevel, emotional
level etc.), not by distinctive patterns As for prepositionl, this doesnot excludefeed-
backmechanisnon the same(low) level asfor instancethe spinalmotor reflex. It only
prohibits specific error correction patterndback from high to low level.

As a consequenceall learningis provided by associativecorrelations,seethe
models in the following sections.

Preposition 6:

After an object separatiorprocesswhich is automaticallyprovidedby the statistically
feature processingstagesthe semanticmeaningis introducedby an pure associative
learning process.

Remark:

The associatioris not limited to featuresof only onekind. Converselythe nameof an

objectis an associatiorto the speechrecognitionpartsof the brainwhich is inducedby

the famous experiments with splitted brain hemispheres, cutting the corpus callosum.
This was an outline of the whole model Hig. 2the mainsystemstructureis shown

as a block diagram. Prepositions 2 and 5 will be evaluated in detail in the next sections.
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Fig.2 A model for feature processing and semantic associations

3 PARALLEL INFORMATION PROCESSING

Preposition 2 deals witthe optimalinformationprocessingapabilityof eachlayer. For
biological systemsthe ideaof maximalredundancyeduction[6] or maximalinforma-
tion gain [7], [8] was introduced by several researchers.

Here, we introduceby preposition2 the additional constraintof limited resources.



After the intuitive introduction of the learning contebett ustry in this sectionto clarify
the mathematical conditions for optimal information processing.

3.1 Optimal information processing

Oneof the mostpopularinformationcriterion is the maximizationof the mutualinfor-
mationor transinformatiorH;ans (se€[9]) from the input x=(Xy,..,%,) to the outputlines

y=(Y1,--Ym)
Hians= H(X;y) = H(X) + H(y) - H(X,y) (3.1)

which, for constantinput information H(x) and observednformation H(y), heavily de-
pends on the compound source information H(X,y).

One of the most simple layer functionsis a linear transformation,obtainedby m
parallelneuronsgachonewith thetransferfunctiony; = w;'x, yieldingy = Wx aslayer
transformation. With rank{/)=n, the probability densitfunction p(x) which transforms
generallyby the Jacobian detfy/x)=detWV) (the determinantof the matrix of the
functional derivatives,see[9]), transformshere with the scaling factor det{ix/fly) =
det@y/fx)™* = 1/det(W) of the space volume.

In the linear case we get therefore

H(y) = H(x) + log detV) 3.2)

This meanse.g.for a Gaussiardistributedrandomvariablex which is transformedine-
arly that the random variabjeis also a Gaussian distributed random variable.
For a scale-invariantransformation(rotation etc.) with detf\/)=1 alsothe informa-
tion H(.) doesnot change Becausehe transinformationis the differencebetweentwo
transformed random variables, it does not depend on the scaling factor.
An efficient coding of the variablesys, ...,y is given whentheir commoninforma-
tion, i.e. the transinformation, becomes very small. Generalizing equation (3.1) we get

O/ Y) = HODHH(Y2+..+HO) - HY2¥) = min

For general random variables we have

PY1,--0¥m) = POYL) P(Yalya) -.. POAIYL--»Yim-1)

and after some algebra we get

Hy1,....¥m) = H(y2) + H(yaly2) +...+ HOAlY1, - Y1)

The transinformation becomes very small, when

H(y:) = HYilys....¥:1) i.e. p(Y) = p(¥ly,.- Y1)



or p(y|x) = p(y) = p(IP(Y2) - P(¥) independence condition(3.3)

Thus, to carry most of the information the output lines must become independent.
For thefirst layer, we know that the probability distribution of the signal valuesof
each pixel are Gaussian distributed

P(X) = A exp(-&-Xo) Cu (X-Xo) )

with A=[(2pe)'det G] ™™ and xo = &7 Gy = &X-Xo)(X-Xo) fi
covariance matrix

Here, the demand ¢8.3) caneasilybe satisfiedby a layerimplementinga linear deca-
relation with&y:-y:°)(y;-y;°)'fi= 0 for |, because with

s o
Cyy= &Yy-yo)y-yo) fi=¢ * with yo:=&fl s% =84/
g0 shi

we get for the also Gaussian-distributed ouypalfter the linear transformation

pYy) = B exp(-¢-Yo) 'Cyy (¥-Y0)) with B=[(2pe)" det Gy]
B exp@Si(yi-yio)/s%)

= BY™ exp(-(4-Y0) 7/5%) - - - B eXp(-(YrYrmo) /5 °m)

p(Y) - - - P(¥)

the condition (3.3) for independent random variables.

What canwe deduceby this proportion?Fromthe informationpoint of view, a layer
which encodes the information in paralkénalsbest,canbe purelylinearfor Gaussian
distributedinput signals.This is true for pixel statisticsor shorttime speectstatistics,
i.e. for theprimary structuresof the incominginformation. Therefore thelinear propa-
tion of the first stages of visual peption (see section 1) is sufficient.

4 A MODEL FOR SELF-ORGANIZED INPUT ENCODING

In the previoussectionwe haveseenthat the main demandfor parallel encodedsignal
lines is their independencef eachother. We have seenthat for Gaussiandistributed
input, this can be achieved by a linear system which decorrelates the signals.

For this reason, let us investigate tllisain moredetailfor a concretemodelfor the
first layersof one of the columnin Fig. 2, wherethe signalsare still Gaussiardistrib-
uted.

Thereare severalpossibilitiesto obtaina decorrelatiorby artificial neuralnetworks.
The mostly known ones are the networks for principal componentanalysis (PCA),
yielding as principal componentghe eigenvectorf the crosscorrelatiommatrix of the
input. Many approache®xist which eitherlead only to an eigenvectorsubspacewith



correlatedcoefficients,e.g. Oja subspacaetwork[10] andthelateralinhibition network

of Foldiak [11], or prescribeghe formation order of the eigenvectorse.g. the Sanger

decomposition network [12] or the lateral inhibition network of Rubner and Tavan [13].
Contraryto all theseapproachedet us usethe recentproposal[14] for a fully sym-

metrical network for PCA, constructedby an objectivefunction and implementedby a

biological plausible and in VLSI easily realizable network mechanism.

4.1 The model

Let usassumen a first stepthat we havem neuronswhich are laterally interconnected
as shown irFig. 3

input vector x neural lateral output vector y
units connections

Fig. 3 The symmetric, laterally interconnected network model

Eachneuroni hasa randomlychosenweight vectorw;. After we presentedne input
patternx in parallel to each neuron tife linear systemthe outputof neuronswill result
in

y=Wx+s s=Uy, u«=0 4.1)
wheres = ( ..,5, .. ) denoteghe influenceof the lateral connectionswvhich are weighted
by the lateral weightsjuRearranging (4.1) leads to

y=Ax with A =(-U)*W

The input is assumed to be centered. If this is notdlse jt canbe madeby introducing
a special threshold weight learned with an Anti-Hebb-rule, see [15].

The learningule for theweightsa; is determinedy the minimum of a deterministic
objectivefunction, composedy the minimal crosscorrelatiorR; andthe maximalaub-
correlation or variance R

R@u...ar) = 1/4b 3 & (vi;)’ -

i

N[~

a(y)=r+r (4.2)

andis reachedvhenthe weight vectorsbecomethe eigenvectorf the correlationma-
trix C for |a|=1, see[14]; the lateralinhibition weights becomezero and the output



varianceof a neuronbecomesthe correspondingeigenvalued ;. To learn the weight
vectorsa;, a gradientdescendnay be used.Neverthelessyith (4.2) this leadsto compi-
cated expressions far andu;. Insteadwe canusethe stochasti@algorithmfor learning
the weights

Wi(t+1) =wi(t) + dt) x (v BA Uyy;) =wi(t) +gxy (4.3)
it

For u; the temporalfloating averageof the observeddatacan be used.It shouldbe no-
ticed that the difference equation converges under the constraintis, 3 2BHg<2/l 1ax

Pleasenotethat (4.3) is anassociativdearningrule of the Hebbiantype. It shouldbe
emphasizedhat the whole associativeprocessconvergesonly becausethe restriction
[a]=constis maintained;otherwisethe weightswould increaseinfinitely without direc-
tional preferenceThis is indeedan importantconstraintwhich manages kind of re-
sourcedistributionby increasingthe weightsfor activelines andweakenghemfor pas-
sive ones.The constraintcorrespondgo the "least resource"demandof preposition2
and canbe explainedby a limited moleculeflow for the synapticdevelopmenprocess.
For VLSI systemsjt canbe easilyimplementedby the Kirchhoff law, see[16], which
describes a resource restriction law for electric current.

4.2 Self-organization in a cellular neural network

In this sectiona self-organizedlocal formation of the PCA primitives, the eigenvectors
(for image data: the eigenimages)y the only locally interconnectechetwork of the
previoussectionis presentedThis approachis completelynew: it combinesthe optimal
PCA propertiesof the networkin the input spacewith a kind of self-organizationn the
space of the physical input (and output) layout.

Oneof the main newideasof the paradigmof neuralnetworksis the restrictionof a
neuronto only local dataprocessingge.g.to a subsetof all availableinput lines. This
ideais alsosupportecoy manyargumentgor redundancyemovalin biological systems
[17] andfits alsowell to the needsof VLSI designwhich favorsbuilding big systemsby
the replicationof small, modular,local functions. Sincethe VLSI designis normally
implementedon a 2-dim wafer, the approachs well suitedfor 2-dim sensoffields, e.g.
for imageprocessingNeverthelessthe networkscanalso principally usedin 1-dim or
3-dim design or any other number of neighborhood dimensiohgiéal input layoutis
shownin figure 4. Here, only the sensorelementqdisks) andthe neurons(rectangles),
but no output lines are shown.

For the activity phase, a modular, localized organization of networks hasdieed
by Leon Chua and his coworkers by the term cellular neural networks (RRNBince
the matrix of the local input connections daseenasa local picture processingpem-
tor which is identicalto the operatorsusedin conventionaimageprocessinge.g.[19])
the CNN paradigmhasbeenadoptedby an internationalgroup of scientistsasa par-
digm of a supercomputefor image processinghaving a performanceof 10?=1000
GIPS (Giga instructionsper second)in current available technology[20]. Here, the
weights (template)V(ij) and U(ij) of a neuronal cell at location (i,j) are set arbitrarily by
the user and can be seen as a form of pragiag.



Fig. 4 The modularized, 2-dim neural net design

Now, let usshowthatthe modularorganizationof the weightsin cellular neuralng-
works canbe alsoachievedby a non-supervisedself-organizedearning processphase.
Let us considera symmetrical,lateral inhibited network as it has beenintroducedin
section 4.1. Additionally, leiisassumehatwe haveonly alimited radiusr of inhibition
influenceasit is definedfor CNN's. This correspondso a local window. In the caseof
squaretiled windows we know that the eigenfunctionsare two-dimensionalsine and
cosinewaves[21]. For Gaussiartype of windows simulationsshow that this resultsin
the same,but Gaussiarmodulatedkind of waves[22]. This meansthat we arein fact
encodingthe image signal by a kind of localized Fourier transformwith very special
basisfunctions.Assuminga local Fourier transformfor the visual cortex, its function
can be consistentlyxplained [23].

Now, we wantto showthatthe only locally definedinteractionsbetweernthe neurons
of our modelimply a self-organizingprocessFor the simulationwe usedinput patterns
of n=36 componentseachonesetby Gausseamoisewith differentvariance.The input
weightsfor the m=16 neurons,arrangedin a 2-dim order (seeFig. 5), are randomly
initialized with a fixed vectorlength |w;|=1; the lateralweightsareinitialized with zero.
The parameters andg, are set according to convergence condition with decregdjng

For theinhibition radiusr=1 eachneuronconvergedo an eigenvectorlf we denote
the unit by the index of the eigenvectoi(denotedby the descendingrder of their as®-
ciatedeigenvalued ;, with | 1=I 5 the following index configurationscan be observed
in three runs, sekig. 5

The inhibition forcesall other neuronswithin the inhibition radiusof eachunit to
converge to eigenvectorswith other eigenvaluesenabling a self-organized two-

dimensionalformation of eigenvectorsThis is alsothe casein 1-dim. inhibition struc-
tures, see [24].
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Fig.5 The lateral inhibition interactions of m=16 CNN-neurons
and the formation of local eigenvector sets

Althoughin this simulationthe whole input is receivedby all neuronalunits, the same
results can be attended for systems with lsalizedinput (local receptivefields) if the
input statisticsaretranslationinvariant. For mostdatalike speechandimagethis is the
case,becausdhe neighboreddatapoints are more correlatedthan oneswith a longer
distance, independent of the absolute position in time or picture coordinates.

Thus,eachinput sensoipoint (e.g.eachimagepixel) is representetby a local linear
superpositiorof a locally changingsetof eigenvectorsin figure 5 two setsof run2 are
encircled as examples.

The imagerepresentatiocan be comparedo the 3-dot color matrix encodingused
in color TV tubesto encodean arbitrarycolor by a linear superpositiorof threecompo-
nents.Theresolutionof sucha deviceis determinedy the distancen the field between
two eigenvectosets,i.e. two eigenvector®f the sameindex. If we choosethe inhibition
radius equal for all neurons, a regular pattern like the one in figure 5 will occur.

It shouldbe notedthatthe local eigenvectodecompositiordevelopedabovedepends
on the linear proportionof the neuronsused.If we usenon-linearneuronsinstead,we
might geta signaldecompositiorbasedon specificpatternsnot on the averagepattern,
see [25], which leads to a segmentation, not a linear decompaosition.

4.3 Layered information processing and multiresolution encoding

We haveshownin the previoussectionthata self-organizatiorprocessanbe driven by
a lateral inhibition and restrictedHebbianlearning. This corresponddo a local Kar-
hunen-Loévetransform(KLT). It is well known that for naturalimage statisticsthe
analyticalsolutionof the KLT are the sine and cosinebasisfunctionswith distinctive
frequencieaindphasesThus,the main differencebetweerntranscendentatansformsas
the Fouriertransformor the cosinetransformandthe KLT is the determinationof the
optimal frequenciesand phasesn the latter. This supportsthe view of Okajima[4] for
the vision system, see statement 2) of section 1.

Now, how canwe describemathematicallythe layeredinformation processingwith
the tool of Fouriertransforms?n a classicalpaper,Marko [26] developeda formalism
for describinglayeredfilters. Neverthelesslet us concentraten the fact that thereis a
kind of convergencef the signalsby the multilayerapproachlin Fig. 6 thisis shownin
one dimension for non-overlapping receptive fields.

11
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Fig.6 The convergence of input signals through the layers

In the last few yearspossiblemechanismsgor the information processingn layersbe-
cameclearer.Oneof the mostfavorite candidatess the modelof multirate samplingor
multiresolution encodingwhich is well describedin the book of Vaidyanathan[27].
Here, the convergencef the signal wiring can be describedby a filter (the neuronal
processingn onelayer) and a subsamplingof the resultingsignal by the wiring from
one layer to the next layer. This is shown schematicalyign?.

The filtering processconsistsof two symmetrically arranged,overlappingfilter
banks (a high-passfilter and a low-passfilter: QuadratureMirror Filter QMF-Filter
[27]) The low pass filter forwardall signalfrequencycomponentsvhich arelower than
a certainbandwidthlimit without processingo the next layer, whereasthe high pass
filter measureghe amountof high frequencycomponentsSincethe low frequencies
(dueto Shannon”ssamplingtheorem[28]) needonly lower samplingfrequenciesand
therefore less sampjmints,eachlow passfilter is followed by a subsamplingtage(see
fig.7) whichis implementedn Fig. 6 by the fact that we havea smallernumberof out-
putlinesthaninput lines. For the waveletdecompositiorf29], the basisfunction of the
low pass filter is called scaling functiorand for the high pass filter wavelet

encodings
high high high
signal
g low [—>|:2 low [—>|: 2> low [
layer O layer 1 layer 2

Fig.7 The sequence of filters and subsampling

Now, sincethe low passfilter let all low frequencysignal componentspasswithout
processing by the repetitive filtering and frequencyrescalingthe frequencyband is

12



successivelcut off at the high end. At eachcut, a part (subband)of the spectrumis
encodedthe restis passedo the next layer. We canimplementthis multirate system
alsoby a parallelapproachshowedin Fig. 8. The power spectrum|y(f)| of the signal

X(t) is devidedinto severaloverlappingintervalsor subbandsby the linear decompos

tion of basifunctionswith differentfrequencycharacteristicgfilter bankg. In Fig. 8aa

filter bank system and iRig. & the frequency responses of the different encoded signals
y; are shown.

Ho) 1y, Al
xO € Hi) 2y,
Holf) 4 oy,
f, f, fo f
(a) (b)

Fig. 8 The parallel multiresolution scheme: Filter banks and subbands
for multirate sampling

Sinceeachfiltered signalis subsampledthe correspondingpart of the original signalis
scaled(compresseddn the time scale.Thus, for the parallel systemthe corresponding
basisfunction haveto be rescaledexpanded}o representhe real basisfunction. The
correspondingsampling interval is thereforealso expandedresulting in a different
interval,i.e. in imageencodingin a differentareasurfacefor eachbasisfunction. Thus,
the parallelsignaldecompositioris madeby different basisfunctions(of different lay-
ers) with different samplinginterval sizes (different receptivefield sizes).The wide
basisfunctionsof the low frequenciecoverthe roughdetailsof the signalwhereaghe
small basis functions of highénequenciegfirst layersin the sequentiaschemegncode
the finer details. For this, the namemultiresolutionsignal encodingevenfor the se-
quential scheme has evolved.

In conclusion:what can we deduceby this subsection2Ve have shown that the
multilayer modeling,implied by the observation®f 1) in sectionl.1, canbe explained
by a multiresolutionschemeAlso the enlargemenbf the receptivefields of observation
2) which has been observidthe cortexhasaninterpretationn this context.Neverttre-
less,the sequentiamultiresolutionschemeassumeswo differentkind of basefunctions
which havenot beenobservedyet explicitly. It is not clearup to now whetherthis is not
principally the caseor dueto the similarity of the waveformsof the two kinds of base
functions.

5 LEARNING MOVEMENT PATTERNS

Accordingto prepositionl andFig. 2, thelearningis donein layers.This alsoincludes
the motor skills. One of the commonsensemodelsfor sucha layeringis the software
layer model for robot control, see e.g. [30] &gl 9
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Fig.9 The robot control layers

Here,all low level signalsare processedn one signal layer and the more abstract
signals are passed to the upper layer. From the upper laptoabstraccommandsare
passedo the lower motor layer and transformedin concreteassociatedimed pattern
sequencesThere are possibleinteractionsbetweenthe two parts of one layer. In the

lowest layer, they are calledotor reflexes
Eachlayer processeshe low level sensorsignalsand higherlevel commandsasin-
puts and has higher level sensorsignalsand low level commandsas outputs.This is

shown inFig. 10

commands signals
\A input state| output reation /

state 1 reaction 1

/V state n reaction m —

canmands

signals

Fig. 10 Associative information processing in one layer

Within the layer, the input states(input patterns)are associatedo the outputreactions
(output patterns) in a list, i.e. a kind of associative memory.

Our previous prepositions5 and 6 assumepure associative,resource-restricted
learning,eitherin an unsupervisedself-organizednannerof section4 or in the class-
cal associativamanner,given for exampleby the correlativematrix memory,see[31].
However thesetwo learningmechanisndo not coverthe casewhereunknowncomplex
patternsw have to be learned according to a general performance criterion.

5.1 Error correction learning

Here, the well-known backpropagatiormechanism[32] has been successfullyused,
based on the gradient search

w(t) = w(t-1) - ot) Ny, Rw) (5.1)
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of the leastexpectedquadraticerror R(w,L) betweenthe performancez of the neuron,
based on a weight pattern and the teacher evaluated goal L

RW,L) = {L(0)-z(0)) R Ny RWw)= - &2(L(x)-2())Nw 2(X)1i (5.2)
which gives for linear neurons z(X)2x the stochastic approximation
w(t) = w(t-1) - g(t) (L(X)-w'X) x (5.3)

with special conditions for the learning rafe.

Unfortunately, for the learning of complex movementpatterns,no human being
knowsthe complexderivativesof his internal movementgeneratiormechanismwhich
is used in equation (5.2). Instead, a much simpler mechanism of associative leaming
be used which is described in the next section.

5.2 Evolutionary associative learning

Conventionabssociativdearningmechanisntry to associate given stimuluspatternx
to the appropriate responsex).py a learning rule

w(t) =w(t-1) +gt) L(X) x (5.4)

This kind of learningmight be adequatéf the quantitiesL andx aregiven, but it does
not solve the problem of finding an unknown patt@rwhich produces L.

To overcomethis restriction,let usassumehatx is a randomizedsersionof w. This
assumes learning contextwherea new movementis tried after the old one was not
successfullf we takea constaniearningrate (which weightsthe lasteventshigherand
dependdesson old, badsamples)the w asan performancewneightedaveragedepends
highly on the random properties of the pattern

This randomwalk is demonstratedn a simulation,shownin Fig. 11. Here,the
squarederror if shownduring an iteration of 160 samplesObviously,thereis no con-

vergence.
er 1.0 v v
097
VL\/ err(w,t)

0.87]
0.77
0.67
0.5
0.4
0.3
0.2
0.1+

0.0 T L — T T T
1 20 40 60 80 100 120 140 160 t

Fig. 11 The error of pure associative learning

This brings us to the conclusion that, in order to learn something, we have to include not
only the actualpatternperformanceR(x(t)) = R; but alsothe former performanceR(x(t-
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1)) = R.1. For example,we might correct the current pattern estimationw if the
performance has increased hyRR;>0, otherwise not

w(t) =w(t-1) +g{t) L(X) x (5.5)

i1 if R,- R.,>0

ith L(R-R.1) =1
Wi (R-R:.1) %O dse

(5.6)

and px) = A exp(x'C'x)

which is a kind of evolutionary learning [33h Fig. 12 the error developmenbf sucha
learning system is shown.
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0.6
0.5
0.4
0.3
02 err(w,t)
0.1
0.0
1 20 40 60 80 100 120 140 160 t

Fig. 12 The error of binary evolutionary associative learning

Eachimprovementix is a randomdeviationof the patternw accordingto a Gaussian
distributionwith equalwidth s=0.3,i.e. C*= Is™ and g=0.2. The figure showsadd-
tionally as a changeindicator the scaledand shifted version of L(t), the function
L'(t)=0.75+0.25L(t)which indicateseachchangein w by a spike. Obviously, for (5.6)
the error can only decrease.

The basiclearningequation(5.5) containsa performancefunction L(t,t-1) of (5.6)
which canbe very different. Insteadof a binary thresholdfunctionusedin (5.6) we can
also consider the linear case

L(RRe1) = R-Ria (5.7)

In Fig. 13 the error developmenbf (5.5) using (5.7) insteadof (5.6) is shown.In the
upperpart of the drawingwe seethe indicatorfunction L'(t) again.In differenceto the
performancef (5.6) we needlessiterationsto approactthe goal, becausén the neich-
borhoodof the goalthe stepwidth is automaticallyreducedwhereasn (5.6) it remains
constantWe haveto skip morerandomvariationsto geta betterperformanceunfortu-
nately, the random deviations prevent us from stability after reaching the goal.

16



1.0
0.9
0.8
0.7
0.6 L(w,x,t)
0.5
0.4
0.3
0.2
0.1

0.0
1 20 40 60 80 100 120 140 160 t

err(w,t)

Fig. 13 The error of linear evolutionary associative learning

In Fig. 14the three algorithms are compared by the random walks they produce.

1.0
0.9
0.8
0.7
0.6
0.5 3
0.4
0.3
0.2
0.1
0.0
0.0 0.2 0.4 0.6 0.8 1.0 12 14 16

Fig. 14 The random walks of evolutionary associative learning

For two-dimensionapatternsw andx a commonrandomstartingpoint S anda goal D
located at (0.5,0.5) are used. The walks start alb#ck dot S andterminate after 160
patternshavebeenpresentedat the end of the lines, numberedL,2 and 3 accordingto
the algorithmsof (5.4), (5.6) and(5.7). The convergenceéendencyof the threeassoca-
tive algorithmscanbe observedusingthe sameparameterss above:the first produces
anrandomwalk without apparentlyapproachinghe goal, the secondoneapproache
directly, but slowly and the third one approaches fast (but oscillates around the goal).
An increasdn the randomcomponentvould acceleratehe algorithmsin the start,
butwouldleadin thefinal phaseto a slowerconvergencdor the algorithm (5.6) andto
higher random deviations for (5.7).
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