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Improved learning method of Discrete Recurrent Neural
Network inferring Regular Grammars

Hyeon-Ki Jung' - Soon-Ho Jung''

ABSTRACT

In this paper, we describe two considerations that improve the leaming performance of Discrete Second-Order
Recurrent Neural Network(DRNN) inferring regular grammars. One is due to the viewpoint of training patterns which
are inputs of DRNN. 1t is to investigate learning performances according to a variety of input order and decide the best
one. The other is due to the viewpoint of learning algorithm, It is to find reason with which learning is failed and
modify algorithm in order to reduce total learning time. We suggest the modified learning method and show the

improved result of experiments.
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select Tomita-Grammar
repeat up to MAXSEEDS seeds{
/% training phase */
select initial weights
repeat up to MAXEPOCHS epochs {
success_string = 0.
for n=1 to Training.Set.size {
present string(n):
pseudo_gradient_learning(n):
evaluate error E:
if ( E > error_tolerance ){



