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1 Abstract

The Contextual Layered Asscciative Memory (CLAM) has been deweloped as a self-generating structure which
implemerts a probabilistic encading scheme. The training algorithms are gearedtowards the unsupervised gener-
ation of a layerable assaiative mapping [17]. We show here that the resulting structure will support layers which
can be trained to produce outputs that approximate conditional probabilities of classi cation. Unsupervised and
supervised learning algorithms operate independertly permitting the unsupervised represerational layer to be
developed before supervision is available. The systemthus supports learning which is inherertly more exible than
corvertional node labeling schemes.

Symbols used

p n
summation
g squareroot
1 integration between limits
P (xjw) probability of x givenw
z changein z
delta
f(S) function of S
I;J;K;L unsupervised layers

i; j; k;I;m; n | nodesin an unsupervised layer
I input into node i

(o} output from node i

X supervised layer

X node in supervised layer
Oy output from node x

2 Intro duction

The eld of neural networks constitutes a body of algorithms and structures designedto operate as learning
systems. The speci ¢ learning regimesin which these systemsare usedcan be divided into two distinct categories:
unsupervised and supervisedtraining. There seemsto be a lack of proposalsfor network architectures which could
be applied in both domains, despite the advantagesthat such a structure may o er of learning in situations when
incomplete or limited external information is available. Training of the architectures may involve various amourts
of prior knowledge about the problem domain or the required performance of the trained system. This prior
knowledgeis often hidden in the form of training parameters of the network system, for example learning rates,
optimal number of nodesor architecture. These parameterscan generally only be determined by trial and error,
which can limit the application of such systemsin generallearning ervironments. One approad to this problem
is to develop learning systemswhich can adapt themselwesto the demandsof particular problemsvia a processof
cortinuous learning.

The CLAM network hasbeendesignedasa self-generatingclassi cation architecture which grows (generatesnodes)
to describe a particular input represeration basedon the expected (or obsened) uctuations in the input data. It

is our belief that this information is likely to be more readily available than knowledgesud asthe optimal number
of nodesrequired for a given network architecture applied to a particular problem. The network thus generates
a represertation of the input spacewith a granularity and thus accuracy driven by the expected accuracy of the

data.

The network has beendesignedusing the principle of information presenation. We feel this is desirablein order
to enable hierarchical recognition, that is, the classi cation of sets of patterns that can themselwes be classi ed
as patterns. Multi-la yering facilitates this in that sets of patterns can be the output of one layer, while sets of
setscan be the output of subsequen layers. By information presenation here we simply meanthe presenation of
conditional probabilities in preferenceto simple winning-node output, asopposedto a formal information theoretic



meaning. In a previous paper [17] it wasshown how probabilistic encading of outputs (estimateswith con dences)
allows the layering of assaiative memoriesfor suc hierarchical recognition tasks.

The CLAM architecture is composed of two sorts of layers - unsupervised represenational layers, which feed
into supervised classi cation layers. The output responseof nodesin the unsupervised represenational layers are
de ned accordingto the probability that ead could have beenchosenasa maximum on the basisof the dot-product
metric (reasonsfor the choice will be given later). This probability is proportional to the ring rate that would
be obtained in a neuronal system operating a winner-take-all system such as that suggestedby Grossherg in [4].
Furthermore, ead assaiative layer is structurally identical to all otherst.

Here we showv how such unsupervisedrepresertational layerscanbe usedto provide input to a di erent sort of layer
for classi cation purposes. These classi cation layers are usedin conjunction with a supervised training regime
which supports the calculation of conditional probabilities of classi cation. This contrasts with cornvertional node
labeling methods generally adopted for asscaiativ e classi cation which presene lessmore information.

In dewveloping the systemit wasconsideredimportant that the performanceshould be invariant, wherewer possible,
to principled changesin the input data. By this we meanthat the assumptionsmade and constraints applied to
the input data should be self-consistem and maintained throughout the system. For instance arbitrary partitioning

of the input data should not alter network performance. An example of this in CLAM is the handling of handling
of information made available in the form of frequency histograms. Such histograms consistsof a number of bins
de ned with upper and lower boundaries. The contents of ead bin represens the number of times an event has
yielded a value between these boundaries. The size and number of bins are parameters of the data collection
systembut the actual location of their boundariesis arbitrary . We would regard this displacemen of the de ned
positions of bin boundariesas a “principled’ changein the input data, which would alter individual bin contents
but should not changenetwork performance.

The information capacity of a xed architecture will always be limited and we are interested here in developing
an architecture which is capable of continual learning, thus a exible architecture is required. Such exible ar-

chitectures would require algorithms permitting the addition and removal of nodesand connectionsthus altering

the information capacity to match the task 2. In particular we would want the network performanceto be stable
with respect to node addition and removal, in the sensethat the classi cation ability of the network should remain

broadly unchangedrather than degradeabruptly whena fresh node is added. Of courseclassi cation ability should

improve as the weights of the new node are adjusted. Sparseconnectivity achievesthe goal of stability because
it ensureslocal represeration and thus limits the impact of changesto the few connectednodes. As a side e ect

such a network would train in a time which is of linear order with respect to the number of input data patterns

sincethere are far fewer weights to adjust. This is an extremely desirable characteristic absert from many network

architecture and algorithms.

One can summarisethe desirable characteristics of a generallearning network as follows:

Independent supervised and unsupervised learning - to make use of limited amounts of prior knowledge as
and when available

Online training and contin uous learning - prior knowledgeto be made explicit and not hidden in training or
architectural parameters

Flexible architecture with automatic self-generation- to dealwith the varying information capacity of di erent
tasks

Probabilistic outputs - to permit the multi-la yering of networks required for hierarchical classi cation tasks

Linear order learning time

The CLAM algorithms deliver a network architecture with theseproperties. This paper contains a summary of the
essetial CLAM algorithms and the extensionsnecessaryto support supervisedtraining - that is an unsupervised
training and a node-generationalgorithm; and a supervisedtraining algorithm. The overall systemis demonstrated
by the classi cation of signi cantly overlapping data distributions. We show that in this task, (as with other
supervised network architectures) the discrimination power of the network approachesoptimality in the sensethat
the decisionboundariesare positioned in accordancewith the underlying probability distributions.

The previous paper [17] concerrated on the unsupervised aspects of the original CLAM which included temporal
integration to learn sets of patterns. The presernt paper discussesthe combined unsupervised and supervised
architecture for learning conditional probabilities.

1a strategy which may be a sensible one in a physiological neural system for developmental reasons.
2although only node-generation is dealt with in CLAM at present.



The rest of the paper is organisedas follows: section 2 recapson the previous paper by describing the structure
and function of the unsupervised layers for spatial and temporal integration in a form which givesresistanceto
node addition and remaoval, while section 3 explains the training algorithms for unsupervised learning and node-
generation. Section4 discusseghe architecture of the supervisedlayer and the overall model of CLAM is presened
in the form of a diagram. Section 5 outlines a simple test usedto demonstrate the performance of the extended
network; and section 6 closesthe paper with a reminder of the main elemerns and givespointers to the application
of CLAM in the areaof machine vision. Someremarks which are felt to relate this statistically-based architecture
to physiological neuronal systemsare made during the courseof the paper in the form of footnotes.

3 Designing a Layered Associativ e Memory

The CLAM systemis an extension of corvertional assaiative network pattern classi ers allowing a layered classi-
cation architecture to be developed. Figure 1 shows an exampleof CLAM being usedto recognisesetsof patterns
presenied serially.

Figure 1: Network Architecture

The network algorithms are basedon a simple stochastic model of neuronal function wherethe output of particular
nodesis determined by the time-averagedresponse of a nearest-neiglbour classi cation network to noisy input
data and noisy internode connections (weights). In what follows we assumethat the e ects of sud noise can be
represerted with mean values of input |; and connection strength z; and their respective uncertainties 1; and
zj . The classi cation schemerequires computation of the probability P; that the input pattern would have best
matched the pattern encaded at ead node j on the basis of a Bayesiannorm (or dot-product) of the |; and z;
in equation 6.1. This is asusedin Baysian classi ers and is one of the simplest possiblefunctions of neuronsand
synapsesusedin neural networks. X
Dj = I Zjj (1)
|
subject to the expected errors |; and z; . This form was chosenin preferenceto a Euclidean distance measure
becauseconnectionsdo not needto be maintained for componerts of the input pattern which are expectedto be
zero. It is therefore particularly suitable for a systemwhich is to have a exible architecture asit permits smooth
variation in network performance subject to the addition and removal of nodes and connectionsby incremenal
training from zero. The standard Euclidean metric is not adequateasit is a distance measurethat can only be
de ned in a spaceof xed dimensionality and thus a xed number of connectednodes. The weighted Euclidean
metric, which can give smooth performanceunder variable dimensionality requiresan additional mecanismto deal
with the weights, whereaswith the dot-product metric this is all handled automatically 3. This dot-product must

3the dot-pro duct also has the advantage over the Euclidean metric on the basis of physiological simplicit y.



also generatenormalised templates of input patterns on the inputs connectingto ead node so that equation 6.2
holds. X
722 =1 2)

All networks usean implicit subjectivefunction for information retrieval [9] from which constraints on the properties
of suitable input patterns can be derived. In the caseof CLAM, the useof the dot-product implies that the input
vector must have componerts which are a measureof the relativ e signi cance of ead feature to the represenation.
We suggestthat the logical extensionto this line of reasoningis that equal amounts of evidene in di erent parts
of the input spaceshould carry equalin uenc e in the selectionof a maximum node. Referring badk to the example
of data presened in the form of a frequency histogram, this is equivalent to saying that the initial de nition of
input spacepartitions due to the positioning of the histogram bin boundaries should not have an e ect on the
performanceof the trained system. We conclude [Appendix 1] that if we are deriving inputs for the network from
measuresof relative signi cance S; (de ned as proportional to the probability of observing feature i ) which add
linearly, then the correct function of signi cance suitable for input to a network using the dot-product metric is
the squareroot, equation 6.3.

I = s ©)

It is important to note that this result has beenderived purely on the basisof using the dot-product to index into
stored patterns in a principled way, that is, applying the implicit constraints to restrict the form of the input. In
this casepropagating the constraint restricts the form of input function. Similar reasoningcan be proposedwith
respect to the normalisation of z; , the stored weights in equation 6.2, enforcedduring training for the storage of
all patterns with equal total signi cance.

The node activation function now becomescomparedto the dot-product de nition and replacing the stored pattern
zj with atemplate of previous data Sijl:2 givesequation 6.4.
X
1=2 o1=2
D = S5 (4)

This discrete measureis a form of the Bhattacharyya distance measurelL g [8] for comparing cortin uous probabilit y
density functions P (xjw;) when S; and S; equateto the two probability density functions in equation 6.5.
z 1
Le = In (P (xjw1)P(xjwy))* dx (5)
1

This is important as any variable we may wish to use for input to CLAM may be represerned in the form of a
probability density distribution, for example statistical frequency occurrence histograms of a measuremenm vari-
able*. This processcan be consideredas analogousto the processof fuzzi cation often described in the fuzzy logic
literature, but here aswe will show the method can be justi ed in the context of a strictly Bayesianformalism.

As has beendemonstrated elsewhere[6] choosing the node with the largest D; is equivalert to choosingthat with
the lowest 2 chi-squared statistic - the common maximum likelihood estimator.

If we consider a simple neuronal model employing a winner-take all mecanism, the frequency output of eadh
node will be constart for constart input frequenciesand must be proportional to the node output probabilities
P;. The probabilistic form of the output allows a greater amournt of information regarding the input pattern to be
presened. It hasthe rather unusual feature when comparedto most other network modelsthat the output of any
one node is not simply a function of its inputs. This is due to the winner-take-all strategy usedin the underlying
stochastic model to generatethe time-averagedoutput probabilities. These probabilities P; can be generatedin
all casesby Monte-Carlo simulation of the noise uctuations, but can be approximated analytically (though using
an empirical formulation) assumingthat all uctuations in frequency-caling within the network are uncorrelated
and normally distributed [Appendix 2].

The probablistic interpretation is not a complete speci cation of the output o; asit must clearly also be dependert
upon the magnitude of the input. The CLAM network hasbeendesignedto be layerablesothat the time integrated
outputs (mean output ring frequencies)from one layer can be used as inputs to the next. The bu ered output
from an assaiative layer thus has the correct statistical properties to be usedin this way. Layered assciative
memories make possible hierarchical classi cation for represeriing and recognising sets of input vectors. When
layering the network, the output is integrated over time and must produce valueswhich are invariant to temporal
segmetation of the input. That is, the total number of pulsespropagatedthrough ead part of the network must

4This is may be likenedto the physiological phenomenon of electrical pulses along an axon as a way of frequency-coding data. Each
bin of the histogram can be thought of as an input to a neuron at a synapse, with the number of entries in a bin as the total amount
of neuro-transmitter released by the neuron in a xed time interval.



be the sameregardlessof the order of presenation of the patterns®. These constraints specify the analytic form
of the output from ead node o; [Appendix 3] which is a measureof signi cance of the match betweenthe input
pattern and the stored weights in equation 6.6.

o = Pjjlj? (6)

In the caseof the winning node, the stored template and input pattern will be very similar thus the modulus of
the input jl j can be replacedwith the locally computed D . Probabilistic encading correctly normalisesthe output
data sothat correct accourt is taken of all componerts forming the input to the next layer. Input to a nodek in
the next layer is obtained in accordancewith our previous result [Appendix 1] and is simply equation 6.7.

X
he=( o) (7)

t

where the summation implies a temporal addition of the outputs generatedby all of the current set of patterns
preserted to layer J for classication by layer K. Thus the generated output is independent of the order of
preseration of data to the previous layer.

4 Training Associativ e Layers

The assaiative layers of the network can be used as an interpolative memory system, using simple weighted
averagesof valuesV, assaiated with ead output node to predict the expectation value of the variable < V >. We
have found that sud an interpolation mecdanism can be an order of magnitude more e cien t at encading output
mappings than corvertional nearest-neiglbour systems. By this we mean that the interpolation can give better
resolution for fewer nodes.

If we chooseasin equation 6.8

Vj = DjZij (8)
then the systemis capable of making a prediction, T;, of its own input |;, asin equation 6.9
X
Ti = Pj Dj Zjj (9)

j
This has beenusedto facilitate a noise ltering resonancealgorithm with bidirectional weights z; and z;; used
to predict the input values. This resonancealgorithm, deweloped from ideas of Grossberg [4], is crucial to the

performance of the system in a noisy ervironment and has been detailed elsewhere [17]. In the normal case,
without contamination from outlier data, the bidirectional weights should be equal ( z; = z; ).

The training algorithm, which minimises the squarederror on the reconstructed input, follows naturally in equa-
tion 6.10
zp =k Pi(li T) (10)

wherek; is given by equation 6.11
ki =P (Dj k) (11)

The term k ensuresthat learning proceedsasif forming a weighted mean of the examplesof the input pattern with
exibilit y for change at a level determined by . The number of extra presenrations of data required to retrain
part of the network is of the order 1= .

A xed network architecture has a limit on information capacity. In an ervironment where the network is to
be continually learning we must have ways of expanding this architecture by generating more nodes. The node-
generationalgorithm proposedhere embodiesthe basic principle that in a purely unsupervisedlearning regimethe
density of nodesshould be determined by the inherent precisionof an input patterns (limited by the represenations
used), and not the within-class distribution of the training data sampleasin other architectures. The generation
rule is to generatea new node whenewer max(P; ) exceedsa giventhreshold for any input pattern. For normalised
input patterns, this implies that node generation may be triggered simply on the basis of node output.

This node-generationalgorithm also ensuresthat all distinguishable patterns are encaded over seeral nodes. This
is what is neededif the output of the network is to accurately re ect small changesin the input pattern. It
is very similar, in principle, to the radial basis function approach suggestedby [2] when the radial functions

5This is the temporal analogue to the spatial segmertation of data into dieren t histogram bins. Recall that the system is not
intended to learn dynamic patterns.



are normalised. This processhas now been accepted as a standard method for improving the generalisation
characteristics of interpolating systems[3].

The expected resolution of the system, embodied in the reproduceability of weight values z; , is currently xed.

However, algorithms are being sougtt to allow thesevaluesto be adapted subject to negative reinforcemert. The
limiting accuracy is de ned by the expected error on the inputs |; when z; = 0. The weights to new nodes
are initialised by the current input pattern, sothat subsequen training only modi es thesevaluesslightly and the
generated architectures can be used after a relatively short training period. This is to be compared with other
neural architectures which initialise weights at random and thus take sometime to settle down. Indeed such ideas
as sparse connectivity and local represertation over a few nodes, which emergethanks to the node-generation
algorithm, resultsin a network which trains in a time which is of linear order with respect to the number of input

data patterns, as mentioned in the intro duction.

During the previousstudy both the training algorithm and the node-generationalgorithm wereshown to convergeto
stable solutions for a xed region of pattern space[17]. This stability is provided by both the training algorithm,
and the increasing learning factor k;. After a period of learning the outputs generated by the network for a
particular input pattern thus becomereproducible to within a known error limit and the training algorithm ceases
to modify the weights.

5 Supervised Classication Layer

Supervised training of assaiative classi cation networks is generally done by node labeling, that is ead node in
the trained network is assaiated with a particular classtype. There exist training algorithms for these systems
which have beenshown to be capableof approximating the performanceof a Bayesclassi er [10]. Theseclassi ers
are capableof returning the most likely classgiven the inputs but do not return any information on how likely this
classi cation is to be wrong. Provided the classesare well separatedin feature space,ambiguity of classi cation
will not be a problem. However, as this situation is rare for real problems it would seemthat current methods
have limited applicability. With node labeling methods the decision boundaries are inherent in the network
architecture and thus xed for a particular classi cation task. A completely new architecture must be generatedif
the classi cation choicesare re-speci ed for the sameinput data. This would be a limitation asa generallearning
ernvironment particularly if a systemweretrying to dewelop its own classi cation schemewithout prior accesso a
pre-de ned set of classes.Thus, it is important for a classi cation schemeto be developed which presenesmore
information about the result of the classi cation processand is exible enoughto cope with modi cation of the
classi cation scheme.

We can address rst the information presenation aspect of the classi cation problem. Given the outputs of the
CLAM network P (jjl) (the probability that the input pattern | is consistert with the exemplarstored at ead node
j) information would be presened if we were able to compute the conditional probability P(Cjl) that an input
belongedto any externally de ned classC. Other neural network architectures can be shaovn to approximate the
sameoutput responsewhen trained with the appropriate algorithms [15] but do not have the internal structure to
guarantee adequacyof the architecture to solve the task. In the caseof CLAM however the result can be directly
obtained as the following derivation demonstrates. Starting with equation 6.12:

X
P(Cil)=  P(Cijil) 12)
j
wherej denotesa mutually exclusive data partition sud as the selection of the nearestnode. Then from Bayes
theorem we can obtain equation 6.13 X
P(Cj1) = P(Cji; P(JI) (13)
j
but in afully trained network, knowledgeof | givesno additional information oncej is known, sothat P (Cjj; I)
P (Cjj), giving equation 6.14 X
P(Cjl) P(CijHP@JN) (14)
j
This is a standard form for probabilit y recoding by integrating over a marginal variable as suggestedy [5] and used
recertly in other neural network architectures [12]. The method is directly comparableto the method of mixtures
model classi cation usedin the eld of statistical pattern recognition [14]. Here we have the slight re nement in
that P(jjl) is de ned for a locally computed® winner-take-all selection mechanism operating a statistically-based
comparisonmetric for comparing frequency-caled signals.

6and neuronally plausible



Thus we needaccesdo the quartity P (Cjj) which is the probability that the input pattern is of classC given that
nodej hasbeenchosenasthe maximum. For the output Oy from the classi cation node x, theseconnectionscan
be trained using a running-averagealgorithm in equation 6.15

Zjx = Ky 1Pj (Cx= Ox) (15)

where Cy is a measureof certainty of the classi cation result x which could either be a constart value (say 1) for
a perfect supervisor or can be any independen scaledprobability (for example P (Cjl) in the caseof information
provided by another classi cation systemsucd asan assaiative network input stage). The factor is a measureof
the con dence of the supervision and ensuresthat training ceasesf no information is available. The overall form
of this training algorithm is distinctly Hebbian in the sensethat reinforcemert is largest when the activity o; and
Oy at both endsof the connectionz;, are large. The learning rate is corntrolled by kx where this is determined in
equation 6.16

kx = P kx (16)
The term againdeterminesthe steady state exibilit y of learning for dealing with pattern variation. For the case

= 0 this equation provides a best estimate of P (Cjj) in the maximum likelihood senseand so can be regarded
asoptimal learning.

The overall probability can then be computed using an additional layer of neural architecture with distinct class
nodesx connectedto the intermediate mapping nodesj by weights z;x proportional to P(Cjj). This is preserned
in gure 2 which shows both the unsupervised and the supervised layers’.

Figure 2: Probability Calculation

We then compute the output Oy from the node x using equation 6.17
X
Oy = 0 Zjx (17)
j
which will be proportional to the conditional probabilities that we seek, giving information about all possible
classi cations x.

“in actual fact this diagram shows the supervised layer X connected to the unsupervised layer K whereas in this discussion, we
assume that layer X is connected to the preceding layer J. The layer selected depends on whether we wish to generate output
probabilities for individual patterns or sets thereof.



As will be realisedthis supervisedtraining algorithm required just one additional classi cation layer and can thus
operate independently of the unsupervised training processesn the intermediate layer J. Connectivity between
layers J and X can be sparseas we only needto create connections between those nodesin both layers which
have correlated output activities (large P(Cjj)). The intermediate assaiation layer J must be stable sothat the
classi cation layer X can learn to compute the conditional probabilities. This property can be guaranteed by the
CLAM algorithms.

The resulting hybrid classi cation systemis capable of learning in both supervised and unsupervised as well as
mixed supervision ervironments. It has beenshown [13] that such architectures are capable of extremely rapid
learning. This result is borne out in our experience.

6 Performance Test

For a given input, the network should provide an estimate of the conditional probability for a particular classi -
cation. In order to verify that the analytic approximation to the probability that the input pattern | is consistert
with a template stored at a node in layer j, a comparisonwas carried out using a Monte-Carlo simulation. We
alsowish to demonstrate that it can cope with non-linearly separableand disjoint classes.Note that unsupervised
learning and node-generationability were demonstrated in the previous study. For an arbitrary data distribution,

the only information available on which to baseany estimatesis the correspondenceof input patterns with output
classi cations. Under theseconditions, the best estimate for the conditional probability P(Cjl) is given simply by
the ratio of the number of times that the particular input vector | has mapped to classC, divided by the total
number of times that input vector | has occurred. It is therefore possibleto determine the true probabilities, to
any required accuracy by meansof a Monte-Carlo simulation. These can then be compared with the network
outputs to evaluate performanceand corvergenceproperties.

Figure 3: ClassOccurences

The data for the Monte-Carlo simulation and training of the CLAM network is generatedaccording a standard
gaussiandistribution 8. The use of dot-products for the similarity measurein this network imposescertain con-
straints on the type of data we can use as input, and in particular it is necessaryto generate normalised input
vectors for the Monte-Carlo simulation if the results are to be compared with those of the network. In our test
we have usedan input data set generatedas 3-elemen vectors represering xyz positions on the surfaceof a unit

8the use of gaussian distributions is not esserial and clearly in principle any smoothly varying classi cation spacescould be mapped,
however this apsect will not be demonstrated here.



radius sphere. This simple data set was partitioned into three classesaccordingto location on the sphere. Random
3-elemen vectorsli, I, and | 3 werethen usedasinput to the rst layer of the network.

Figure 3 shaws a two-dimensionalscatterplot projection of classoccurrences.It showsthat classA hasa bi-modal
distribution, with two overlapping classes,B and C, betweenits peaks. The expected probabilities are simply
found by sampling the frequencyof di erent classoccurrencesat a number of points along a tra jectory in the input
space(solid line in gure 5) (e ectiv ely a k-nearest-neiglbour classi er). Figure 4 shows how intermediate nodes
were positioned after training to map the input spaceto a resolution speci ed by the estimated error on the input

componerts, parameters z; and ;.

Figure 4: Node Positions

Figure 5: Network Output

To compare the CLAM estimates of the conditional probabilities with those of our Monte-Carlo simulation, we
sampled the data at 61 points along the chosentrajectory through the input space. The output of the CLAM
network is then found for 11 of these points (gure 5). The node outputs clearly model the correct probability
density distributions of the input data. Optimal Bayesianclassi cation is acheived simply by taking the maximum
probability. For this purposethe new network will perform in a similar mannerto more convertional node labelling

10



classi cation systems. Notice however that for this data set, class B would not have been represeried by a
convertional node labelling systemasit is never the most likely classi cation, whereasin the CLAM architecture
the full probability is generatedfor all classesjncluding classB. It therefore provides a more complete description
of the input data for useby any further systems.

Theseprobability estimations P (j jlI ) [Appendix 2] werefound to be accurateto within afew percert, in accordance
with the specic choice of error modelsfor z; and I;. In this experiment a of 0.01 was used. As expected,
the network required relatively few training examples(100 examplesof ead class)to produce qualitativ ely correct
results. Further training resulted in only a small improvemert in accuracy The results shovn are for a network
trained on 5,000 presertations of an example from ead class. This compareswith the 1,000,000examplesusedto
generatethe Monte-Carlo distribution.

7 Conclusions and Future Work

In the work preseried in this paper we have identi ed constraints which we believe should be consideredwhen
designinga self generating layered assaiative network. We recognisein particular the importance of information
presenation assuggestedoy other authors [11] [16] and proposethat in a layerednetwork this can be achieved using
a probabilistic interpretation of node output which can be related directly to frequency-caled signals operating a
winner-take-all medhanismin a physiological system. We have usedthe principle of invariance on seweral occasions
to constrain the algorithmic form of the network: input data represenations are made invariant to the way that
evidencetowards a hypothesisis divided spatially amongst input nodes [Appendix 1]; and accumnulated output
data is made invariant to order of preseriation and temporal segmemation of the data [Appendix 2]. The result is
a set of algorithms that are a reasonablemodel of a stochastic neuronal system. In addition an attempt has been
made to apply principles of uniformity and simplicity for instance in terms of number of layering typesrequired®.

These statistical assumptionsrestrict the application of the proposednetwork architecture to particular forms of
input data, in particular frequency-caled signals(occurrencehistograms) or discrete approximations to probability
density functions. The useof input data in the form of frequency-caled histogramsis particularly advantageousas
it givesdirect accesgo the expected variancesand thus additional information about the input data. This kind of
information is often regardedas being unavailable but is necessaryfor information presenation, error propagation
and the probablistic interpretation of node function. It allows statistically-based decisionsto be made regarding
architecture generation and facilitates multi-la yering.

A practical example of the use of histograms for the caseof 2D object recognition and has beenreported in [6]
where shapes are represerted as a histogram approximation for the probability density distribution of geometric
co-occurrences. A theoretical analysis of the developmert of a self-generatingclassi cation system basedon this
input data has beenreported in [7].

In this paper we have reported an extensionto the CLAM architecture which supports the computation of an
approximation to the true conditional probabilities of classi cation, so that more information is presened for
use by further processes.In addition this structure has exibilit y, in that the classi cation probability for eah
classis independert of the other stored classesso new classi cation nodes can be added without disturbing the
existing network structure. Bayesiandecisionperformancecan still be achieved by simply choosing the classwith

the highest probability but it can now also be donein the context of subsetsof possible classespreseried to the
network during training. Such probabilistic information should enablethe outputs of separateclassi cation systems
to be e cien tly combined (seefor example [1] to provide input to probabilistic inference systemsand this is an
area of researd that we intend to explore.

App endix 1

Giventhat we are to usethe dot-product metric asthe basisfor node selection,we wish to shaw that the functional
for the input to the network for input I, at node n for an input of signi cance S given by equation 6.18

In=f(S) (18)
can be uniquely de ned by requiring that in a trained network the signi cance of a feature will have the same
cortribution to the selectionof the maximum node irrespective of how it is divided amongstthe inputs.

Consider one sub-feature S, of the represeration which initially residesertirely on one input node n. Its con-
tribution to D; is givenby D; = I,z,. Now imagine that this feature is translated so that it falls across

9such neurophysiologically-compatible principles makesthe algorithms more biologically plausible.
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the boundary of two inputs | and m with input valuesgiven by somefunction of the relative signi cance of each
componert a and b ( such that a+ b= 1). Then equation 6.19 holds.

I = f(Sea) and Im = f (Sob) (19)

In order that correct accourt is now made of the combined input for this feature the total contribution to the
indexing function for any other node k must be the same. This becomesequation 6.20

Dj = f(So)znj = Dk = f(So@)zk + T (Sob)zmk (20)

As the network learns, z,; , zx and zm¢ will tend towards values proportional to their respective inputs. For a
fully trained trained network where equation 6.21 holds,

znj ! T(So) ,zi ! T(Soa) and zymk ! T (Soh) (22)
we can rewrite this equality as equation 6.22
f(So)? = f(Soa)? + f(Sob)? (22)
and sincef (S)? must be linear the only choice of function we can make is equation 6.23

f(S) = KS¥? (23)

App endix 2

We wish to compute the probability that nodej 1 in layerj will be chosenin preferenceto node any other node.
We start by computing the probability P;15j » that the dot-product for node j 1 will be greater than that for node
j 2. We de ne the di erence Rj1s 2 in equation 6.24

le>j 2= Djl Djz (24)
Assuming that all errors on the input and weights are uncorrelated and normally distributed we can compute the

variance on Rj1»j 2 accordingto equation 6.25
X
Rj21>j 2= ((Fa Zi%l + Zi;2 D+ (zi1 zi2)? 1) (25)
i
Assuming that R;1sj 2 is normally distributed we get equation 6.26

1 Z1

I (Rj1> 2 X)?=2 R?,, ,
e i 2dx (26)
@ : Rj21>j )72 o

Pl 2 =
we now compute the probability that node j 1 is the winner using the empirical relationship in equation 6.27

Y
Pj 1= Pj 1> (27)

where is chosensothat equation 6.28 holds X
Pj =1 (28)

App endix 3

We wish to show that the time integrated output from a layer can be made invariant to temporal segmenmation of
the input by suitable choice of the output function equation 6.29

g = Pif(jlj) (29)

The total signi cance of a pattern usedto derive inputs |; to the network is given by equation 6.30

X 2 12
Stot = = jlj (30)
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Imagine that an input pattern is now segmened over time in the ratio :! sothat the ratio of individual input
componerts in presened and the total input signi cance is the sameas before sothat we have equation 6.31

Sot = jIj2+ 112 (31)
Thus if the integrated output from layer | is to be invariant to this segmemation, equation 6.32
X X .
G = (0 +9) (32)
j i
which can be written as equation 6.33
X
PEG) = (B f( 2+ P E( ) (33)

j j
the probabilities are normalised, giving equation 6.34
FG) = £ 50+ £¢72000) (34)
the only choice for the function f under these circumstancesis given by equation 6.35

f(1) = Kjtj? (35)
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