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Abstract

Adaptive Resonance Theory (ART2), characterized by its built-in mechanism of handling the
stability-plasticity switching and by the adaptive learning without forgetting informations learned in
the past, is based on an unsupervised template matching. We propose an improved two-stage learning
algorithm for ARTZ2: the original unsupervised learning followed by a new supervised learning. Each
of the output nodes, after the unsupervised learning, is labeled according to the category informations
of the feature vectors associated with the node. In the supervised learning, each feature vector is used
to reinforce the template pattern associated with the target output node belonging to the same category
as the feature vector. Another modification is a circular ordering of the training sequence to prevent
some dominant classes from exhausting a finite number of template patterns in ART2 inefficiently.
Experimental results on a set of 2545 FLIR images show that the ARTZ2 trained by the two-stage
learning algorithm yields better accuracy than the original ART?2, regardless of the size of the network
and the methods of evaluating the accuracy. This improvement shows the effectiveness of the
two-stage learning process.
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procedure Unsupervised_ART?2
{
initialize all layer outputs to zero;
resonated = False;
until (resonated) {
counter = 1;
while (counter = 1) {
stepl: apply an input pattern to the input layer;
step2: until (the sublayer output values are stabilized)
propagate to the six sublayers;
step3: calculate the r sublayer outputs using Eq. (10);
stepd: if (Iiril < p) {
mark any active node as
competition;
counter = 1;

ineligible for

go to stepZ;
}
steph: else if (counter = 1) {
counter = counter + 1;
propagate to the p sublayer using Eg. (5);
propagate to the F2 layer using Eq. (8);
set only the winning F2 node to nonzero
value;
propagate to the p sublayer using Eq. (5);
propagate to the g sublayer using Eq. (6);
go to step 3:
}
stepb: else if (counter > 1) {
modify the bottom-up weights using Eq.
(11);
modify the top-down weights using Eq.
(11);
resonated = True;
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procedure Two_stage ART?2
{
for (all of the preordered training sequence)
do Unsupervised_ART?2;
for (all of the preordered training sequence) {
do Test_ART?2;
save the winning node J for each training
vector;
}
label each F; layer node;
for (all of the preordered training sequence) {
let the class label of the current training
vector be wj;
max_score = 0;
for (all output nodes belonging to w;) {
winning_node = current_output_node;
apply an input pattern to the input layer;
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until (the sublayer output values are sta-
bilized)
propagate through the six sublayers;
calculate the r sublayer outputs using Eq.
(10
if (Irl > max_score) {
max_score = lirll;
J = winning_node;
}
1
modify the bottom~up weights using Eq. (11);
modify the top-down weights using Eq. (11);
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