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Abstract

A neural architecture, fuzzy ARTMAP (Carpenter et al, 1992), is considered here as
an alternative to standard feedforward networks for noisy mapping tasks. It is one of
a series of architectures based upon adaptive resonance theory or ART (Carpenter et
al, 1991a; 1991b; 1992). Like other ART based systems, fuzzy ARTMAP has
advantages over feedforward networks and is especially suited to classification-type
problems . Here it is used to approximate a noisy mapping. Results show that
properties which confer useful advantages for classification problems do not
necessarily confer similar advantages for noisy mapping problems. One particular
Sfeature, match-tracking, is found to cause over-learning of the data. A modified
variant is proposed, without match-tracking, which stores probability information in
the map field. This information is subsequently used to compute output estimates.
The proposed fuzzy ARTMAP variant is found to outperform fuzzy ARTMAP in a

mapping task.

1. Introduction

Mapping approximation is an important area of research which has widespread
application in many fields. While the use of standard curve-fitting techniques
continues, investigations into the automation of approximation methods contribute to
such fields as those of autonomous decision support and adaptive control. Any
adaptive system operating within an information environment has to be capable of
interpreting aspects of that environment in order to respond appropriately.

Artificial neural networks offer a possible approach to this interpretation problem in
that they provide a means of approximating noisy mappings. There is a body of work
relating to the ability of feedforward networks to learn arbitrary mappings (Cybenko,
1989; Funahashi, 1989; Hornik ef al, 1989; Girosi and Poggio, 1990, Park and
Sandberg, 1991; Cardaliaguet and Euvrard, 1992; Ito, 1992; Hornik, 1993). Both
Cybenko (1989) and Funahashi (1989) provide proofs that a layered feedforward
network consisting of one hidden layer is capable of approximating any continuous
function under some mild conditions. These fundamental results have been bunlt upon_
and extended by various authors (e.g. Ito, 1992; Hornik, 1993). oty :f"\



Although indicating the capabilities of feedforward neural networks, these theoretical
results give rise to practical problems such as the determination of the number of
nodes in the hidden layer(s) (Fujita, 1992) and increasing the network information
capacity during operation. Both of these problems stem from the nature of the
feedforward architecture which distributes information pertaining to the mapping
throughout the network. The global architecture, coupled with localised error-
correcting learning mechanisms, does not allow new information to be incorporated
into the network following training. If further data is added to the original training set
then re-training with the augmented data set is required. Ascertaining the optimum
network configuration from the outset is an empirical process and, once established,
the network size is fixed (Fujita, 1992).

Another cause of inaccuracy in feedforward networks is the problem of local minima
of the error function (Baba, 1989, Lippmann, 1987). As the network state vector
follows a learning trajectory through error-weight space it can become trapped in
states which are stable but are not the global minimum for the cost function. These
states, or local minima, constitute undesirable solutions of the mapping approximation
problem. Without a priori information it is impossible to distinguish between these
local minima and the desired global minimum.

The commonly used learning algorithm for feedforward networks is the gradient
descent or error back propagation algorithm (Rumelhart ef al, 1986) which attempts
to minimise the mean square error energy function by adjusting the network weight
vector according to the method of steepest descent. The main problems of this method
are the inability to predict convergence in advance and, assuming convergence,
whether the resultant approximation is sufficiently accurate (Cardaliaguet and Euvrard,
1992; Van Ooyen and Nienhuis, 1992).

This paper considers an alternative architecture, fuzzy ARTMAP (Carpenter ef al,
1992), which has inherent properties that offer a possible solution to some of the
problems encountered by conventional feedforward networks. Modifications to the
original architecture are also proposed in the form of a variant which is identified as
PROBART to distinguish it. The performance of both the original architecture and its
proposed variant are assessed in a complex mapping task.

Fuzzy ARTMARP is one of a class of neural network architectures developed by
Carpenter, Grossberg and co-workers based upon adaptive resonance theory (ART)
(Grossberg, 1980; Carpenter and Grossberg, 1987a, 1987b, 1989; Carpenter ef al,
1991a, 1991b, 1992). It is capable of mapping subsets of R”™ to subsets of R",
accepting both binary and analogue inputs in the form of pattern pairs. It is also
possible to code inputs according to their degree of fuzzy set membership.

As an extension of ARTMAP (Carpenter ef al 1991a), fuzzy ARTMAP (Carpenter et
al, 1992) makes use the operations of fuzzy set theory ( Zadeh, 1965; Kosko, 1992),
instead of those of classical set theory to govern the dynamics of ARTMAP. ART-
based systems offer certain advantages over other neural network architectures, such
as multilayer feedforward networks. These include the dynamic allocation of nodes
without network disruption, fewer training cycles required to reach acceptable levels of
predictive accuracy and guaranteed convergence (Carpenter ef al, 1991,1992). The
latter property results from the use of monotonically decreasing weights which also
ensures stable learning.



The fuzzy ARTMAP system is especially suited to classification problems (Fu, 1994)
and is capable of learning autonomously in a non-stationary environment. On-line
learning is possible with a distinction being made between rare but significant events
and more common associations. The representation of pattern associations by
individual nodes facilitates rule extraction in the form of if-then relations (Carpenter
and Tan, 1993). Another property of fuzzy ARTMAP is its ability to resolve sub-
classes by dynamically increasing the stringency of class membership conditions when
mis-classification occurs.

An important area of concern encountered in conjunction with autonomous learning
systems is that of the stability-plasticity dilemma (Carpenter and Grossberg, 1987a).
This term is given to the fundamental conflict between plasticity, which enables a
system to learn new associations, and stability, which buffers the system against
continuous recoding by establishing stable states. ART-based systems attempt to
resolve this dilemma by maintaining a balance between familiar and novel input
patterns. Responsiveness to novel inputs can become problematic when dealing with
noisy function/mapping approximations because of inherent uncertainty as to what
constitutes novelty, i.e. could a conflicting association be a rare event or simply
transient noise? There is no easy solution to this problem and compromises abound in
the field of neural networks which range between the two extremes of conservatism
and responsiveness. In this context neural networks can be seen as filters which can do
little to reduce the effects of noisy disturbances if responsiveness to novel inputs is
high or fail to register significant rapidly changing events if responsiveness is lowered
in order to avoid the network being swamped by noise. This is an on-going problem
likely to be faced by developers and users of neural network architectures.

The modifications to the fuzzy ARTMAP system arose from investigations into the
performance of fuzzy ARTMAP with noisy input data. PROBART is based around
the concept of building up probabilistic information regarding inter-layer node
associations. The probabilistic information can be used either to generate a predicted
output in the form of an expected value (e.g. weighted average) or to generate the
most likely value based upon the frequency of inter-layer node associations. By
combining output information in this way PROBART offers a solution to the
noise/novelty problem encountered by fuzzy ARTMAP when used to approximate
mappings, while it still retains many of the attractive properties of fuzzy ARTMAP
such as stable category generation and rule representation.

Both fuzzy ARTMAP and PROBART consist of two self-organising fuzzy ART
modules (Carpenter ef al, 1991b) linked by a layer of nodes called the map field. The
essential differences between the two architectures result from different inter-module
linkage dynamics mediated by the map field.

Section 2 of this paper describes the fuzzy ART architecture, its dynamics, and
considers some of the motivations behind its features. The combination of two fuzzy
ART modules to form fuzzy ARTMAP is discussed in Section 3 as background and
the modifications are introduced. Finally, a comparison of fuzzy ARTMAP and
PROBART performance is described in Section 5 followed by a discussion of points
arising from the investigation.



2. Fuzzy ART

To allow comparison between PROBART and fuzzy ARTMAP and to make the paper
self-contained, the following description of the fuzzy ARTMAP architecture is
included here.

Each fuzzy ART module consists of three fields, or layers, of nodes: an input field, a
matching field and a choice field. A schematic outline of a fuzzy ART module is
shown in Figure 1. The input field, F, stores the current input vector and transmits it
to the matching field, F, which also receives top-down input from the choice field F;;
this latter field representing the active category assignment of the input data.
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Figure 1. The fuzzy ART module. This illustrates the Relationship
between long term memory (LTM) and short term memory (STM).

TheF, activity vector is denoted by I=(/,,...,7,,), I, €[0,1]eR,Vi=1... M.
The F, and F, activity vectors are denoted by x =(x,,...x,,) and, y =(y,...,yy)
respectively.

Each F, node represents a class or category of inputs grouped together around an

exemplar or prototype generated during the self-organising activity of the fuzzy ART
module. Furthermore, each F; category node, j has its own set of adaptive weights
stored in the form of a vector w, = (W, W ,,...,w,,), Vji=1... N.

These weights represent the long term memory (LTM) traces which evolve during
network operation. The initial weight vector values are given
byw,(0)=1, Vj=1...N Vi=l.. .M

Unlike ARTMAP sub-systems (ART1 modules), the fuzzy ARTMAP components
(fuzzy ART modules) differ in that the weight matrix [w ;] includes both top-down and

bottom-up weight information.



With no categories being allocated to F, nodes at this stage, the nodes are said to be

uncommitted (Carpenter ef al, 1992). Once a category node is chosen to represent a
category it then becomes committed. The parameters which govern Fuzzy ART
dynamics are:

i) o, a choice parameter, where ¢ =0,
ii) B, a learning rate parameter, where B €[0,1] and
iii) p, a vigilance parameter, where p €[0,1].

These parameters will be introduced and described in the relevant contexts below.

2.1. Choice field activity.

The choice field (F,) nodes operate with winner-takes-all dynamics modelled by the F,
output function (choice function)

T(1)= lIAw’I, VIe[o,1], 1)
)

where I is the given input vector, w is the Jj"F, node weight vector,

(pAq), =min,(p,,q,), is the fuzzy AND operator, and the L' norm || is defined by
M
Ipl= 2|

The overall F, winner, node J, is selected by 7, =max {7 :j=1,..., N} to represent a

category choice for a given input vector I .

T () reflects the degree of match between the current input, I and the LTM of the j p

node, w .. The ratio, 0< hﬁﬂ <1, gives a measure of the fuzzy subsethood of q
q
with respect to p. The limit, lplA[ql =1 indicates that q is a fuzzy subset of p.
q

. |IAw, ) )
Specifically, if |—-|-;T|"—| =1, which occurs when |I AW J.I = |w J.|,then w is a fuzzy
subset of 1. The greatest degree of match between input and weight vectors, for

T

competing nodes, ensures selection as :
w,| = Iwl

thus, 7(I) > 7, (T) as desired.

The learning rate parameter,0 breaks the deadlock between competing nodes when
w, and w, are both fuzzy subsets of I, by selecting the node j such that Iw jl >|w,|.



This is because 7(I) is monotonically increasing so that, |I AW j| = Iw J.I giving

T(1)= wfl . Thus for |w_,.|>|w*|, T,(1)> 7,(1).
o+ wJ.|

In the case that 7, = T, for some j,k < N, such that T;, T, > T, Vi#jk

the node with the lowest index is chosen.

2.2. Matching field activity

The F, layer activity is governed both by bottom-up F; layer and top-down F; layer
activity according to

I if F, isinactive
X=

IAw, if theJ” F, nodeis active.

If node J is active, w , represents an expected pattern or template fed down from F;;
this template is combined with the input vector present across F; to produce a
resultant vector. The ratio of the magnitude of the resultant vector to the magnitude
of the input vector gives the degree of match. This ratio, or match function, is denoted
Inw
by | : |

'I—‘l"ql'z P, @).

and must fulfil the criterion

to ensure that the input vector belongs to the chosen category. This state is known as
resonance and allows learning to occur in the relevant section of the LTM weight
matrix. The parameter p is the vigilance parameter.

Irw,
The situation where I—Tl <p, known as mismatch, causes the system to reset and

inhibits the winning node (7, = 0) which is, thus, unable to re-enter the competition
from which a new winner is selected. The cycle continues with multiple re-
presentations of the input vector until the input is either assigned to an existing
category or becomes the exemplar for a newly created category.

This approach, with individual nodes representing categories, allows for dynamic
adjustment of network size without disrupting previously acquired information as
happens with, for example, feedforward networks. Extra nodes are simply assigned as
and when required to represent new categories or pattern clusters. Both the fuzzy
ARTMAP and the PROBART implementations discussed in this paper use dynamic
node allocation. However a fixed number of nodes can be allocated at the outset if
desired.



2.3. Learning

Following a successful search, LTM changes are made according to

wi™ =BAA W) +(1-B)wS™ 3)
for the winning F, node, J. These changes correspond to the notion of learning.

The learning rate parameter, B, with 0 <P <1 ensures that the new weight vector w
is a convex combination of the resultant vector across F; and the F;, layer expectation
template. For B =1, known as Fast-Commit-Fast-Recode (FCFR), F, resultant
vectors directly replace the present category exemplars.

An option, Fast-Commit-Slow-Recode(FCSR) , allows for initial fast learning prior to
the convex combination learning rule of equation (3) by setting = 1 for uncommitted
nodes only. Thus, w& =T initially.

2.4. Complement coding

According to Carpenter ef al, (1991a, 1991b, 1992) normalisation of the input vectors
is required to prevent category proliferation. In Carpenter et al, (1991) it is proved
geometrically that, without complement coding, the monotonically decreasing weight
components would eventually result in many categories clustering near to the origin
with others being created to replace them. For example, on the real line, when all
categories to the left of an input value are inhibited, the first category to the right will
be selected as any categories further to the right will result in a smaller activation value
for the function T(/). Furthermore, the condition of equation (2) is always fulfilled as

el
An alternative proof, illustrating category proliferation in the real line will be found in
Appendix B.

I<w, gives

Normalisation is represented by |l1 =y, VIe[0,1]" for some y>0. To achieve this
for arbitrary 1 [0,1]" take I=(a,a°) €[0,1]"* where a €[0, 17 is the original input
and 2° =1—-a where 1=(1,1,...,1), and, [1| = M.

Thus, the new F, layer input vector , I is complement coded and of dimension 2M
with |[I|= M, VIe[0,1]".

3. Fuzzy ARTMAP

For heteroassociative tasks, two connected fuzzy ART modules are required with each
module receiving either the input (stimulus) or output (response) component of each
pattern pair to be associated. Thus, the input and output spaces are organised into
distinct categorised sets during processing. The heteroassociative network discussed
here is fuzzy ARTMAP which uses a layer of nodes, called the map field, to link the
two fuzzy ART modules. This configuration is illustrated in Figure 2. The main
function of the map field is to associate compressed representations of the original
pattern pair components.
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Figure 2. The fuzzy ARTMAP system.

The two fuzzy ART modules, referred to as ARTa and ARTD, accept inputs in
complement coded form denoted by I, =(a,a“) and I, =(b,b") respectively.

Following the convention of Carpenter et al (1992), the ARTa F; and F, layers are
denoted by F° and F;" respectively, with output vectors x” =(x/,...,x;,, ) and
¥ =(¥),...,y5, ) respectively. Let, wj =(wj,, W}, ....,w},,, ) denote the j™ ARTa
weight vector.

Similarly, the F? and F? output vectors are denoted by x” =(x,...,;,,) and

¥’ =0%,..., ¥, ) respectively, and W) = (W), Wy;,..., Ws ), ) denotes the k™ ARTb
weight vector.

The map field is denoted by F* with output vector x* = (x/”,...,x7 ) and weight
vector w® = (W%, wp,...,wsy, ) for the j*  F node to F*.

Activity vectors are reset to zero between data presentations.



3.1. Map field activation
Map field activation is governed by both F;’ and F} activity in the following way:

(y* Aw® if the J* F; node is active and F,’ is active,

. wy if the J* F,' node is active and F, is inactive, @
y’ if F; is inactive and F,’ is active,
0 if Fy isinactive and F, is inactive.

The four cases will be considered in order below.
i) F active and F; active:

This corresponds to a pattern pair (I,,1,) being present. I, elicits an ARTa category
selection with, say, the J” E; node winning the competition. This index, J will
correspond to a weight vector, w5’ in the map field which links the F}’ node with a
predicted F layer activation. This predicted F’ node represents the ARTb category
associated with the presently active ARTa category.

Simultaneously, the ARTb input, I, has excited a category represented by the F
output y’ = (...,0,1,0,...) with a 1 in the k™ position indicating node k is active.

The fuzzy AND operation, y* Aw ensures that the map field activity is non-zero only
if the predicted and actual ARTb categories coincide (the kth category being predicted
by ARTa) or if node J is uncommitted; all components of w2 being equal to unity in
the latter case.

ii) F; active and F; inactive.

This corresponds to prediction with w? representing the ARTb category associated
with the currently active ARTa category. Heteroassociative mapping is achieved by
working backwards within the ARTb module; the fuzzy ARTb weight vector
associated with the predicted F,’ node represents the expectation template fed down
from F! to F; this corresponds to the current exemplar for that ARTDb category and,
thus, the predicted output.

iii) F7 inactive and F; active.

In this case only an ARTDb input is present; thus, the map field activation represents the
active ARTb category via the one-to-one relationship between the map field and
ARTb.

iv) The final case represents the network in a quiescent state with no inputs impinging
upon it.



3.2. Match tracking

The concept of vigilance is extended in fuzzy ARTMAP by allowing the ARTa
vigilance parameter, p, to vary whilst the ARTb vigilance parameter is fixed for a
given training cycle. When an input is first presented, p, is set to its baseline value,p,.

The map field vigilance parameter, p, governs matching between ARTa and ARTb
x|
Iv
results in an incorrect prediction, a mismatch occurs which sets off match tracking
I AwWS

IL|
of the J* F node. Then the ARTa search cycle is carried out once more to select a
new ARTa category which correctly predicts the current ARTb category. One of three
conditions must occur to end the match tracking cycle: a matching ARTa category is
selected from those already learned by ARTa, a new category is created (during
training) or the condition p, > 1 occurs which leads to shutdown of F;’ until a new
ARTa input becomes active.

categories through the condition ;— = p_,. If this is not fulfilled, i.e. the ARTa category

activity. This consists in increasing p, such that p, > to prevent reselection

3.3. Pattern pair association

Pattern pairs are associated via their compressed representations or category nodes.
LTM information regarding inter-module F, node linkages is stored in the map field

weight matrix which assigns a vector to each ARTa node reflecting the associated
ARTD node.

Initially, w2(0)=1, Vj=1,..,N,, Vk=1..,N,.

When resonance occurs, in which the J”* ARTa category becomes active, w? is set
equal to x*.

A clearer idea of heteroassociative learning and prediction under FCSR is gained by
considering the operation of fuzzy ARTMAP when presented with a previously unseen
pattern pair which does not belong to any of the current categories. The pattern pair
(1,,1,) causes new categories J and K to be created in ARTa and ARTb respectively.

The map field activation is given by x® = y* Aw3®® =y* (K" vector entry = 1 only)

as the J* ARTa node is uncommitted (all entries =1). Map field learning requires
w¥™ = x*® which gives w7 =y’

If I_ is presented alone, the J* ARTa node is selected which predicts the X ARTb
category through the J" map field weight vector.

10



4. PROBART

PROBART is the result of modifications to the fuzzy ARTMAP system motivated by
empirical findings to determine the operational characteristics of fuzzy ARTMAP
under certain conditions; a comparative analysis of fuzzy ARTMAP and PROBART
operation is presented below. First, the fuzzy ARTMAP modifications incorporated
into PROBART are described together with a description of its operation.

As with fuzzy ARTMAP, PROBART uses a pair of fuzzy ART modules linked by a
map field; this is where the similarity ends owing to different map field dynamics. The
inputs are again accepted in complement coded form. The notation introduced above
in the sections describing fuzzy ARTMAP is retained in the description of PROBART
Exceptions are described where appropriate.

4.1. Map field activation
In PROBART equation (4) is replaced by

[y +w? if the J* F? node s active and F is active,
w_ W if the J” F;" node is active and F is inactive,
af y’ if F isinactive and F;’ is active,
0 if F;" is inactive and F; is inactive.

in which the fuzzy AND operation (A) is replaced by vector addition (+). As will
become apparent, this allows the nodal association frequency counts maintained in
LTM to be incremented.

Before interpreting equation (5) it is important to realise that the map field weight
matrix now contains information about the frequency with which pairs of ARTa and
ARTD categories are associated e.g. wff = f, f €N, where N is the set of natural

numbers. This indicates that the j” ARTa node has been associated with the k* ARTb
node f times during the training phase.

Initial map field weight values are given by
we(0)=0 VYj=1..N, Vk=1..N,

The four cases of equation (5) are analogous to those given in equation (4) .

i) F active and F; active:

As with fuzzy ARTMAP, the pattern pair (I,,1,) results in selection of the J* ARTa
category and the K” ARTDb category. The vector y® is, again, a unit vector with the
K" entry equal to one. The vector x* now represents the updated frequency
distribution of node associations between the J* ARTa node and nodes in the ARTb
F; layer; the map field weight matrix entry w’, being incremented by one, reflecting
the new association.

i) F active and F inactive.

11



Analogous to fuzzy ARTMAP, this corresponds to prediction but care has to be taken
to determine in which sense the prediction is made. The implementation of PROBART
discussed in this paper uses a weighted average given by

Ze w2 m=1,...,2M, (6)
IwJ wsl=
where 1, is the expected value (mean) of the m” component of the predicted output
pattern associated with the J* ARTa node, |wj”i is the total number of associations of

ARTb nodes with the J* ARTa node, €,,, is the m” component of the n” ARTb
category exemplar and w?, is the frequency of association between the n™ ARTb node

and the J* ARTa node. Other possible prediction measures can be used. These
include: choosing the exemplar with the highest frequency, giving relative association
frequency information, and using alternative higher order moments. The predicted
ARTD output vector is denoted by 1, = (K ;,.--,H a1, )-

Note that only the first A, components which are not complement coded are

meaningful and correspond to the original pattern pair data, with b=p , being an
estimate of the true output b associated with input pattern a.

Nb
Equation (6) can also be written as |, = Z A

=1

where p,, is the empirically estimated probability of association between the J* ARTa

node and the n” ARTb node given by p,, ' abl

Conditions iii) and iv) are identical to those in fuzzy ARTMAP.

4.2. Learning

As with fuzzy ARTMAP w5™ =x” but note that there is now no match tracking.
The ARTa vigilance parameter, p,, is held constant to maintain fixed category sizes.
This is to prevent corruption of frequency information as will become apparent from
the fuzzy ARTMAP and PROBART comparisons discussed below. Thus, during
training, supervised associations are not judged to be correct or incorrect but recorded
as they occur. More frequent associations are more heavily weighted in prediction
mode. Note that the map field vigilance parameter,p,, is not required for PROBART.

Although not investigated below, as with fuzzy ARTMAP, it is possible for
PROBART to be operated in an on-line mode and in a non-stationary information
environment. In the latter case, node association frequencies would change
concomitantly with changes in underlying trends.

12



5. The mapping task

A continuous non-linear signal was used for comparison of fuzzy ARTMAP and
PROBART performance:

£:[0,]]c R —[0,1]c R with,

£ (x)=(sin(10x) +sin(20x) + sin(30x) + sin(40x) + sin(50x) +sin(60x) + sin(70x) +10) / 20,
and x in radians. See Figure 3.

0.8F

0.6}

0.4

0.2F

L L " N L "
0 02 0.4 06 08 1

Figure 3. Noise-free test signal.

The range of the test function /. R — R is [0.2295, 0.7705] for the input domain
[0,1]. Gaussian noise, derived from a zero mean source with unit variance, is added to
the signal with a scale factor of 0.02. Thus, the corrupted output signal for pattern
pair p is given by y, =y(p) = S (x,)+0.02¢ ,, where €, ~ N(0,1) is the Gaussian
noise, for the pth pattern pair and x, is the x-coordinate of this pair. The x-
coordinates were randomly chosen from a uniformly distributed source.

The training and testing files were generated with different sets of x-coordinates unless

otherwise stated The testing sets being noise-free coordinates, or pattern pairs,
(x,,y,) chosen at random from the test curve, f(x).

For all experiments the choice parameter, o = 0.001 and the learning mode chosen was
FCFR unless otherwise stated.

5.1. Performance measures

Performance is judged by both the root mean square error (RMSE) and maximum
absolute error (MAXAE) measures. The RMSE value is computed by

N
RMSE = ;172"",: -v|

p=l

where d, is the desired output for pattern p, y, is the actual output and N is the
number of patterns used for training or testing.

13



In the following tables, TR denotes the noisy training set, TE(NF) denotes the noise-
free test set using the same x-coordinates as the noisy training set, and TE denotes the
noise-free test set selected using a different x-coordinate sample. The purpose of TE is
to test the generalisation of the mapping.

Mean results are based upon a sample size of S RMSE or MAXAE values from
separate runs which are averaged to give an indication of performance. Maximum and
minimum values are included to indicate the range of variation between runs.

As a further illustration of network performance, the error profile is plotted below the
actual network output signal. RMSE and MAXAE error measures alone are very
coarse indicators of network performance, especially when applied over the whole
curve. Error profiles provide more detailed information in a visual form

For the simulations described below, a more comprehensive set of results will be found
in Appendix A.

Simulation 1

Fuzzy ARTMAP was trained on both noise-free and noisy data. Its parameters were
set as follows: o =0.001,p, =0.99, p, =0.99 and p_, = 0.9. Both the training and test
sets consisted of 1,000 data pairs.

For the training signal without noise:

ical results:
Categories.
ARTa ARTb | RMSE MAXAE
312 53 0.0074 0.01

For the typical results, only a single training epoch was required for fuzzy ARTMAP
to acquire an internal representation of the test mapping signal with the RMSE ranging
between approximately 1% of the input signal at its maximum point to approximately
3% at its minimum point. This is shown in Figure 4.

14




















































































