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Abstract—In the process of learning a pattern I, the Fuzzy
ARTMAP algorithm templates (i.e., the weight vectors corre-
sponding to nodes of its category representation layer) compete
for the representation of the given pattern. This competition
can induce matchtracking: a process that iterates a number of
times over the template set searching for a templatev* of the
correct class that best represents the pattern I. In this papemwe
analyze the search for a winning template from the perspective
of bi-criterion optimization and prove that it is actually a walk
along the Pareto front of an appropriately defined co-objective
optimization problem. This observation allows us to propose the
basis for an implementation variant of Fuzzy ARTMAP that
(a) produces exactly the same network as Fuzzy ARTMAP, (b)
avoids matchtracking by explicitly keeping track of a subset of
the Pareto front, (c) finds the correct template to represent a
input pattern through a single pass over the template set, and
(d) eliminates the need for the parameter Fuzzy ARTMAPe.

I. INTRODUCTION

algorithmic variants presented in [5] is called, SFAM2.@ an
it has the same functionality as Fuzzy ARTMAP [2] for
classification problems. In this article we are interested i
the behavior of Fuzzy ARTMAP learning in classification
tasks, therefore we will use Taghi's SFAM2.0 as the basis of
our analysis.

When Fuzzy ARTMAP is in the process of learning an
input patternl, the templates in its category representation
layer compete to represent this pattern, and eventually one
of these templates learns the pattern. This competition can
induce matchtracking a mechanism that iterates over the
template set searching for a templaté of the correct class
that best represents the input pattérrt is our experience
that this matchtracking induced iteration does not have a
high computational cost, and therefore, we believe that thi
is the likely reason why it has not been subject of a rigorous

Fuzzy ARTMAP [2] is a supervised neural network learnanalysis for_ optimization. Nevertheless., there is thémét
ing algorithm that has many desirable properties. This a¥alue and insight obtained by analyzing the behavior of

chitecture exhibits incremental on-line learning captéd,

matchtracking. Furthermore, there are instances, such as

has a learning process that is guaranteed to converge VtBen using a processor pipeline for parallel implementatio
a solution, possesses a novelty detector feature that r&d- Fuzzy ARTMAP or in a distributed sensor network,

ognizes novel inputs (inputs that are significantly differe Where it is advantageous to avoid the matchtracking process
from inputs that the architecture has seen before). It cadltogether; in this case (as it is explained more thoroughly

under analysis, provide explanations for the answers thatii the main part of the paper) it is best if the template that

produces, and as a result it can address the neural netw#K0 represent the input pattern is found with a single pass
opacity problem (i.e., inability to explain the answerstthathrough the Fuzzy ARTMAP template set.

they produce) that most neural networks have been criticize The main contribution of this article, proven in section IV,
for [3]. Also, Fuzzy ARTMAP neural networks have thejs that finding the winner of the matchtracking competition
property that they can dynamically increase their size @s this actually a walk along the Pareto front of an appropri-
learning process progresses and only when the learning tagkly defined co-objective optimization problem. This dimi
at hand requires it, a characteristic that eliminates tfeineajlows us to propose in section V an implementation vari-
to specify an arbitrary neural network architecture prior tant of Fuzzy ARTMAP that addresses the previous issues.
the initiation of the learning process. For one, and most importantly, it leads us to a Fuzzy
Fuzzy ARTMAP can be used both for classification as foARTMAP implementation that discovers the correct template
function approximation. Kasuba [4], with only classificati to represent an input pattern through a single pass over the
problems in mind, developed a simplified Fuzzy ARTMAPtemplate set (a desirable property when Fuzzy ARTMAP
structure (called simplified Fuzzy ARTMAP) that is fasterjs implemented in a pipeline). As an added bonus, this
than the original. Furthermore, Taghi, et al., in [5], dé®&r jmplementation discovers the correct template to reptesen
variants of simplified Fuzzy ARTMAP, called Fast Simplifiedgn input pattern without making use of the math-tracking

Fuzzy ARTMAP, that reduce some of the redundancies ¢farametek of Fuzzy ARTMAP (see main part of the paper
Simplified Fuzzy ARTMAP and speed up its convergenceor the explanation of’s utility).

to a solution, even further. One of the Fuzzy ARTMAP fast To make the article self contained we present the simplified
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Fuzzy ARTMAP from [5] in section Il, readers new to the
topic should make special emphasis on the matchtracking
mechanism presented in subsection II-A. The basic co-
objective optimization theory is in section Il and can be
found in many optimization textbooks.



FS-FAM can operate in two distinct phases: tiain-

i b
Field £ ing phaseand the performance phaseln this paper we
'Wab are only interested in the training phase of FS-FAM, and
J we omit any references to its performance phase. The
Attentional Subsystem Orienting training phase of FS-FAM can be described as follows:
) Subsystem . ; ; :
Field F, Given a set of PT inputs and associated labels pairs,
\ {(X', label(1Y)), ..., (TP label(IPT))}, we want to train
Fuzzy ARTMAP to map every input pattern of the training

Field F} present the training set to the Fuzzy ARTMAP architecture
repeatedly. That is, we presdiitto F}, labelI!) to F2, 12 to

[1=(aa T Fy, labeI2) to F?, and finallyI*” to Fy, andlabe(I*7) to
Field F, ‘@ F2b We prgs_ent the training set to Fuzzy ARTMAP as many

times as it is necessary for Fuzzy ARTMAP to correctly

classify all these input patterns. The task is considered ac
complished (i.e., the learning is complete) when the waight
do not change during a training set presentation. Thisitrgin
scenario is calledff-line learning There is another training
scenario, the one considered in this paper, that is calfed
Fig. 1. Block Diagram of the FS-FAM Architecture. line training, where each one of the input/label pairs are
presented to Fuzzy ARTMAP only once.

The training process in FS-FAM is succinctly described in
Taghi's et al., paper [5]. We repeat it here to give the reader
a good, well-explained overview of the operations involved
in its training phase.

The Fuzzy ARTMAP neural network and its associated 1) Find the nearest category in the category representa-
architecture was introduced by Carpenter and Grossberg in  tion layer of FS-FAM that "resonates” with the input
their seminal paper [2]. We have concentrated on a Fuzzy  pattern.

ARTMAP version, called SFAM2.0 in Taghi's paper [S]. 2) If the labels of the chosen category and the input

We refer to this Fuzzy ARTMAP variant as FS-FAM. FS- pattern match, update the chosen category to be closer
FAM is algorithmically equivalent with Fuzzy ARTMAP to the input pattern.

for classification problems. Classification problems am th 3) Otherwise, we reset the winner, temporarily increase

only focus in our paper. Also since we concentrate on  the resonance threshold (callewjilance parameter

the matchtracking mechanism, the results obtained here can and try the next winner. This process is call@dtch-

be generalized for other ART variants, such as Ellipsoidal tracking

ARTMAP [1], Gaussian ARTMAP (see [6]), to mention only  4) If the winner is uncommitted, create a new category

Wj Wj
i T set to its corresponding label. To achieve this goal we
, rese
node

Il. THE Fuzzy-ARTMAP NEURAL NETWORK
ARCHITECTURE

a few. (assign the representative of the category to be equal
The block diagram of FS-FAM is shown in figure 1. This to the input pattern, and designate the label of the new
architecture has three major layers. Timput layer (Fy) category to be equal to the label of the input pattern).

where the input patterns (designated Dyare presented; The nearest category to an input pattérpresented to FS-

the category representation layeffy), where compressed paw is determined by finding the category that maximizes
representations of these input patterns are formed (d#8idn the function:

asw; and calledtemplate} and theoutput layer(F?) that
holds the labels of the categories formed in the category
representation layer. All input patterdspresented at the
input layer (1) of FS-FAM have the following form:

AWy

T(I7Wj’a)_0é+‘W‘| (3)
J

This equation introduces two operands, one of them is the
fuzzy min operandand designated by the symbaol The

I=(a,a% = (a1,as,...,an, a5, a5, ...,a5) (1) fuzzy min_operation of two vectors, andy, designated
asx Ay, is a vector whose components are equal to the
where, minimum of components ok andy. The other operand
ai =1—a;; Vie{1,2,...,M} (2) introduced is designated by the symbol. In particular, |x|

is the size of a vectok and is defined to be the sum of

The assumption here is that the input veaas such that its components. The above function is called thatom-
each one of its components lies in the interval [0, 1]. Thep input (or choice function value, or activation value)
above operation that creatéfrom a is calledcomplemen- pertaining to theF, node j; with category representation
tary codingand it is required for the successful operation oftemplate) equal to the vector;, due to the presentation
Fuzzy ARTMAP of input patternI. This function obviously depends on an



PT -
FS-FAM network parameter, calledchoice parameterthat FAM—LEARNING({I,.... 17"}, a¢)
assumes values in the intervdl oo). In most simulations of Wo — (1,1,...,1)
Fuzzy ARTMAP the useful range af is the interval(0, 10].

=

2M
templates— {wy}

The resonance of a category to a given input patiern 2
is determined by examining if the function, callejilance 3 for each in {I*,1%,... 177}
ratio, and defined below 4 dop—p
TAw,| 5 repeat
p(vaj) = ] : 4) 6 S« {Wj : p(lij) > p}
7 Jmax < maxargg {T'(I,w;, o)}
satisfies the following condition: 8 if label(l) # label(w;, )
_ 9 then p — p(l,w;,,) +¢
pLw;) 2 p ® 10 until (w;,,, =wo) or (labell) = label(w;,))
If the above equation is satisfied we say that resonance 1 if W 7 Wo
achieved. The parameteris called thevigilance parameter 12 then
and assumes values in the intery@/1]. As the vigilance 13 Wi — Wi Al
parameter increases, more category nodes are created in e else
category representation layefy) of Fuzzy ARTMAP. At 15 templates— templatesJ {I }

the beginning of training with an input, output label paieth 16 return templates
value of p is set equal to the value of the baseline vigilance,
Pa, Which is a value chosen in the intervil, 1]. If the
label of the input patternIj is the same as the label of
the resonating category, then the category’s templatg (s
updated to incorporate the features of this new input patter

(I). The update of a category’s template,{ is performed the category’s template as indicated by equation (4) ensues
as depicted below: If through this search process an uncommitted category (an

uncommitted category is a category that has not encoded any
wi=w; Al (6) input pattern before) is chosen, it will pass the vigilarite,

The update of templates, illustrated by the above equatiofdP€! Will be set to be equal to the label of,the presented
has been calletast-learningin Fuzzy ARTMAP. Our paper NPut pattern, and the update of the category’s template wil
is concerned only with the fast learning FS-FAM, aIthougI’Freate a template that is equal to the presented input patter

using slow learning as found in [2] would not compromise 11iS iterative process of reseting the parameter and
the algorithms proposed in this paper. searching again for a competition winner is called match-

tracking and will be the segment of the FS-FAM algorithm
A. The Matchtracking mechanism that will interest us in our analysis.

When the situation for a given input pattern is that the Pseudocode for the FS-FAM algorithm (on-line training
categoryj is chosen as the winner and it resonates, but tHéhase) is shown in Figure 2. In the on-line training phase of
label of this categoryw; is different than the label of the the network the learning process (lines 3-15) passes throug
input patternl, then this category is reset and the vigilancéhe data once. We present the on-line version because it is

Fig. 2. FS-FAM on-line training phase algorithm

parametep is increased to the level: simpler and the iteration over the training set is irrelévan
for the analysis of the matchtracking mechanism. The match-
p(Lw;) + e @) tracking mechanism itself is presented in lines 5-10.

In the above equatioatakes very small values. Increasing 1 he performance phase of the algorithm is omitted because
the value of vigilance barely above the level of vigilancdt is not relevant for our analysis and can be found in the
ratio of the category that is reset guarantees that after ttiited bibliography. At the beginning of the FS-FAM training
input/label-of-input pair is learned by FS-FAM, immediatethe choice parameter value (chosen(in10), the baseline
presentation of this input to FS-FAM will result in correctVigilance parameter value (chosen [in1]) and the initial
recognition of its label by Fuzzy ARTMAP. It is difficult template values (chosen to be equal to an all ones vector)
to correctly set the value of so as to guarantee that afteraré set.
category resets no legitimate categories are missed by Ff1 pPARETO FRONTS AND COOBJECTIVE OPTIMIZATION
FAM. Nevertheless, in practice, typical values of the pa-
rametere are taken from the intervd0.00001,0.001]. After
the reset of category (if that's the case), other categories
are searched to find one that maximizes the bottom-up inp
while satisfying the vigilance constraint. This processtoo g:(X) >0, ie{l,...,p}
ues until a category is found that maximizes the bottom-ug d a seri f lit traint
input, satisfies vigilance and has the same label as the inpuq e of equaily constraints
pattern presented to FS-FAM. Once this happens, update of hi(x)=0,i€{1,...,q}

In multi-objective optimization (MOP) we are interested
in finding the value of a vector of decision variabbes=
{ﬁl, ..., x,) Subject to a set of general inequality constraints



that optimize the vectoly, comprised from a series of
objective functionsf;, as shown below

fx) =y = (fi(X),..., fu(x))

The functions f; form a mathematical description of .
performance criteria that usually conflict with each other. :
Thereforeoptimizingthe vector means finding a compromise : .
between the values of thg that form an acceptable balance )
to the decision maker. f2(x) .

Since we now have a number of objective functions to
optimize, the notion of optimum, as we usually understand
it, has to change. The first to recognize this fact was Francis
Ysidro Edgeworth in 1881. This notion was latter generalize
by Wilfrido Pareto, and therefore it is now calledlgeworth—
Pareto optimunor simply Pareto optimum.

To introduce the Pareto front concept we will start with a . .
number of definitions. But before we do so it’'s important to 0 -
note that in optimization we catlecreasea cost function or 0 f1(x)
increasea gain function. We will take the point of view of
increasing a gain (activation) function, since this apphois Fig. 3. Plot of co-objective optimization points with paretont points
consistent with FS-FAM's approach of choosing the templatgesignated as open circles.
achieving the highest activation. Many optimization texts
take the opposite approach.

Definition 3.1: A vector u = (uy,...,ux) is said 0 pefinition 3.6: Given a MOP with a designate®”, the
(pareFo) (_jomlnate another vector = '(vl, ...,vg) if and pareto frontPF* is defined ad(P*), or as
only if Vi € {1,...k}, u; > v;, and3j € {1,...,k} such
thatw; > v;. If this is the case, we write > v PF*={f(x): x e P*}

Definition 3.2: In a multi-objective optimization problem o o
(MOP), we say that a point € F, whereF is the feasible A- Co-Objective Optimization
region, is aweakly dominated solutioif and only if there Co-Objective optimization is a special case of multi-
does not exist another point such thatf;(x) < f;(x’) for  objective optimization where the vectdfx) = (y1,y2) =
somes. (f1(X), f2(x)). Under these circumstances we can easily
Definition 3.3: In a MOP problem we say that a pointgraph and visualize the co—objective optimization problem
x € F, is astrongly dominated solutioif and only if there and its pareto front. For example, in Figure 3, the pareto
does not exist another poimt such thatf;(x) < f;(x’) for  front point can be identified by simple observation (i.eesth
all i and f;(x) < f;(x") for somej. points do not have other points that dominate them in the way
Notice that the definition of a strongly dominated solutiorthat was stated in definition 3.1). In Figure 3, the paretatfro
is very similar to pareto dominance. The difference beirag th points are designated as open circles. In Figure 3, the dashe
in pareto dominance we compare the vectors themselves, lines converging to these pareto front points define a region
in strongly dominated solutions we compare the objectivilm the objective space that encloses all the points thaethes
function vectors. This takes us to the formal definition opareto front points dominate.
Pareto optimality, pareto optimal set, and pareto front.

Definition 3.4: A vector of decision variablesx = IV.. THE MATCHTRACKING MECHANISM AND PARETO
(z1,...,z,) is Pareto optimalf there does not exist another FRONTS
x' € F, whereF is the feasible region, such thgf(x) < It is clear from the explanation of the FS-FAM algorithm

fi(x) for all 4, and f;(x) < f;(x') for at least onej. Or and the pseudo-code in Figure 2 that the process of searching
more succinctly stated, there does not existxasuch that for a winning template is NOT co-objective optimization. It

f(x’) = f(x). is the iterative process of finding:
This definition basically states that a vector is paretoroati
if it is not dominated by another vector from the feasible w; ég%,ates{T(laWjaa)} (8)
region. Unfortunately this definition usually does not proe , )
a single value, giving rise to the following definition. subject to the constraint
Definition 3.5: Given a MOP with objective function vec- p(I,w;) > p 9)

tor y = f(x), the pareto optimal sefP* is defined as:
When the maximum is found, and only if this maximum
* R / ’ ) g
Pr={xeF:mIX € FIX) z1(x)} does not belong to the correct class will the process iterate
Or simply stated as: the set of pareto optimal points. increasing the value op as presented in equation 7 and



thereby excluding the last winning template from the com-
petition.

FS-FAM is more correctly modeled as a single valued
optimization problem subject to an inequality constraint. o
Nevertheless, the iteration produced by matchtracking con ’
stantly changes the feasible region of the problem. And it v %o
is in the context of the match-tracking mechanism that it S
becomes valuable to model the FS-FAM optimization as a ‘e o
two dimensional co-objective optimization problem with a p(l,w;) o
fixed feasible region. I

Consider the graph in Figure 4. This graph plots the °
value of vigilance against activation for templates in the
templates in the circle within a square square problem. The .
circle within a square is a famous benchmark problem where
the classifier is trying to discriminate whether a point in
the input space is in a circle (located within a square) or
outside the circle; the circle is centered at the center of
the square and its area is half of the area of the square. 0 Tl wj,a) 1
In Figure 4, Solid dots are templates that represent points
(input patterns) in the circle and empty dots are templatéﬁg-l4- _|fr1]_this example, tgfle dot? r(msog'd amli_ :?pty) repr:;ﬂﬂwlmesinthg
that represent points (input patierns) outside of the ircl TS M s sauere probler The i sol ot represdranconyited
The large dot at the top of the vertical dotted line represenky the lines of vigilance equal to 0.5, and activation valfiegproximately
the uncommitted node, whose vigilance is equal to one bggual to 0.5. In the figure thﬁ tetmplaltgtédiﬂgzievs a(;%nafst%/ ggg:\gﬁ r?gebstuid
whose activation is less than one half. The horizontal dott Irr]:sser??a?/:r:gcl)rf]%h?irl\%t:ts ptat(teetﬁg IO(0.13207,0.661587), which resides
line (at level=0.5) represents the baseline vigilapcehich  inside the circle. The winner template is not of the correassl(i.e., it is
for this example has been chosen equalOtd. Eligible template representing patterns that are outside the ckolehatchtracking
templates (i.e., templates that are likely to code the prege " ensue-
input pattern) are all inside the north-eastern quadrdimet®
by the dotted lines ap = 0.5 andT" = 0.5.

It is worth observing from Figure 4 that there is a positiv

correlation between vigilance values and activation &lue
9 Proof: We could make the statement of the theorem

This relationship is to be expected since the activation ore concise by stating that the winner of the competition
equation, (see 3), and the vigilance equation (see 4), hals y 9 P

the same numerator and only differ on the denominatop 2 member of the pareto front, since an uncommitted node

Within the region of eligible templates (i.e., northeaster 'S " the pareto front. This is true because the vigilance of

guadrant of Figure 4) the winner of the competition will bethe uncommitted node for any input pattern is equal to one

the template with highest activatidf(l, w;, «) value. This which is the maximum vigilance value attainable.
template winner is shown with dotted lines leading to itsée () = FAwo| I 1
lines define a region of points (templates) that are pareto L, Yo [N I

dominated by this template. This template winner is not ofience, it is impossible for another template to pareto domi-
the correct class, so matchtracking will happen. This g®cepie the uncommitted node.

increases the value gf as shown in equation 7,80 éfis Now let us consider the template; that has won the
small enough, all the templates apove the ho.rlzontal do“%mpetition loop (lines 6-13 of figure 2). And let us also
(n_1a_rked by the current template winner) line will be the (_)”_'X;onsider another arbitrary templatg,. Templatew,, either
eligible templates during the second pass through thebigi complies or does not comply with the vigilance constraint.
templates. If th|s process continues we will eventuallyagbt _If it doesn't comply then it cannot pareto dominate since
a template winner that is of the correct class or we wills yigilance is less that that of;. If it complies with the
obtain the uncommitted node as the template winner.In th{ﬁgilance constraint then its activatigfi(l, wy,) < T(I,w;)
example, the final winner is of the correct class and it i%ecause/vj won the competition in the presencewef; thus
shown in Figure 5 o once more, it cannot pareto dominatg Consequently, since

The aforementioned example allows us to visualize thgn arbitrary templatev;, cannot pareto dominate the winner
main contributions of our article, and presented below, as@ competition in lines 6-13 of Figure 2, tham; is pareto
sequence of theorems (Theorem 4.1 and Theorem 4.2): optimal. QED.

Theorem 4.1:The winner of FS-FAM competition (lines [ ]
6-13 of Figure 2) for a given input patterh will al- Theorem 4.2:The template winner of FS-FAM for the
ways be the uncommitted node or a member of the paretchole algorithm in Figure 2 will always be the uncommitted

gront of the co-objective optimization problerfiilw) =
(T(I,w, ), p(I,w)) with the constrainp(l,w) > p.




Fuzzy ARTMAP on a variety of problems indicate that
the number of matchtracking instances for an input pattern,
output label pair presentation rarely exceed five (5). Fasrth
more, it is important to notice that the only templates that w
need to keep track of are the members of the pareto front that
belong to the same classification category as the presented
input pattern, since these templates are the only ones that
might eventually be modified by the algorithm. For all the
p(l,w;) 0. other templates we simply need to retain their activatioth an
ol vigilance ratio values, a two-dimensional real-valuedteec

T o . for each template. Thus, the amount of storage correspgndin
to pareto front templates is not as excessive as keepinkg trac
of all the template values of FS-FAM.

By keeping track of the aforementioned needed infor-
mation regarding the pareto front templates we can select
the correct FS-FAM, during an input pattern output label

0 pair presentation, in only one pass through the FS-FAM
0 T(,w;,a) 1 template set. This has an advantage on certain scenarios.
For example, in a related articl@][we propose a pipelined
Fig. 5. Scatter plot of the co-objective vectii) = (T'(1,w, ), p(I, w)), parallel implementation of the FUZZy ARTMAP algorithm, to
values. Thew's correspond to the FS-FAM templates in the circle in thespeed-up its training phase. This pipelined implementatio

square problem, and the input pattérriocated inside the circle, is equal : - i i} . -
to (0.13207,0.661587). In the figure the pareto optimal points (templates)permIttecj efficient parallel on-line FS-FAM training with

that FS-FAM examines are shown (these points have dashecttimeerging ~ large databases. However, since it is not trivial to paliade
to them). Of these templates two are of the incorrect class feduis) and  the matchtracking mechanism, a no-match tracking FS-FAM
one is of the correct class (full dot) that eventually encothe input pattern. was only considered there. To use an analogy, the pipeline
structure can be compared to a product assembly line, and
the process of matchtracking as the process of returning
node or a member of the pareto front of the co-objectivproducts back to the starting point of the assembly, process
optimization problenf(w) = (T'(I,w, a), p(l,w)) with the  that disrupts the pipeline. Matchtracking is an intrinica
constraintp(l, w) > p. sequential process, and in order to do parallelization a
Proof: The proof here is an obvious repetition throughglobal non sequential characterization of the matchtragki
the arguments presented in the proof of the previous theoremechanism is needed. The work presented in this paper
If no match-tracking happens, during the presentation of gpareto front structure of match-tracking) achieved [melyi
input pattern, the previous theorem and its proof suffice tgis feat.
prove this theorem. If match-tracking happens the vigiéanc
threshold is increased and the arguments presented before

(in Theorem 4.1) that the winner template has to be on tH&l G. C. Anagnostopoulos and M. Georgiopoulos, “Ellipsé\®T and
; ; ARTMAP for incremental unsupervised and supervised legrhiim
pareto front are still valid. u Proceedings of the IEEE-INNS-ENNSI. 2, International Jount Con-

ference on Neural Networks. Washington DC: IEEE-INNS-ENNS
V. DiscussIoN 2001, pp. 1221-1226.

The previous result can be used to implement a variant 6 G. A. Carpenter, S. Grossberg, N. Markuzon, J. H. Reysicdaid D. B.
the Fuzzy ARTMAP algorithm that has particular advantages R9SeM "Fuzzy ARTMAP: A neural network architecture fomemental
.. : learning of analog multidimensional mapdEEE Transactions on

over the original algorithm. However, care must be taken t0  Neural Networksvol. 3, no. 5, pp. 698-713, September 1992.
implement this variant in an efficient way. In this varianti3] G. A. Carpenter and A. H. Tan, “Rule extraction: From reduretwork

; ; ; architecture to symbolic representatioifbnnection Sciengevol. 7,
implementation of Fuzzy ARTMAP t_he a_lgorlthm must keep 1, pp. 3-27, 1995,
track of the pareto front points lying in the northeasteriy) T. kasuba, “Simplified Fuzzy ARTMAPAl Expert pp. 18-25,
quadrant of Figure 4. Although keeping track of the pareto] Novemﬁer 1993. Hisheh. and . . e
: f : ; M. Taghi, V. Baghmisheh, and N. Pavesic, “A fast simplifiedzEy

front points mlght seem expenswe_ CompUtatlona”y' tWéS ARTMAP network,” Neural Processing Lettersvol. 17, pp. 273-316,
factors make this process computationally reasonable. For 2gg3.
once, there is a positive correlation between activatidnes [6] J. R. Willilalmsor_l, “G?USS_ian A'TEMAP: A nelural préztwolrkacﬂslt iE-

Ep H H crementa earning or noisy mu tidimensional ma ural Networks
and vigilance rgﬂp .values Whlch makgs the templafaead vol. 9. no. 5. pp. 881-897, 1996.
out along the vicinity of the identity line of the graph (see
figure 4). On the contrary, the pareto front, cuts across\aecur
with a negative slope. This combination produces a small
amount of points in any pareto front for a Fuzzy ARTMAP
problem compared with the total eligible points that pass

the baseline vigilance threshold. Secondly, experimeiits w
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