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Adaptive Resonance Theory -
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The ART-1 Network

Output layer
with inhibitory
connections
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T. Weight Matrix Feed Backward
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Initialize phase —
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Recognition phase -
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Comparison phase -
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A. Initialize each top-down weight t;; (0) = 1;
=3 Initialize bottom-up weight w;; (0) = 1/m+1 ;

C. While the network has not stabilized, do
1. Present a randomly chosen pattern x = (Xy,...,X,) for learning

2. Let the active set A contain all nodes; calculate

Y= Wj 1 Xq Wi g Xy foreach nodej A,

3. Repeat
a) Letj*be anode in A with largest y;, with ties being broken arbitrarily;

b) Compute s™ = (s’y,...,S,) where s’ =t . X; ;
c) Compare similarity between s* and x with the given vigilance parameter p :

DS
DX

if < p then remove j* from set A

else associate x with node j* and update weights:
t, ;- (old)X t - (old)
b (NeW) = 05,57 ¢ (old)x,  tir (N8W) = b (O

Until Ais empty or x has been associated with some node |

4. If Ais empty, then create new node whose weight vector coincides with current input
pattern X;

end-while

http://www.cs.umb.edu/~marc/cs672/
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