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Maximum Epoch for Learning Improvement of Second-Order
Recurrent Neural Network Inferring Regular Grammars

Jung Hyeon Ki' and Jung Soon Ho''

ABSTRACT

Learning algorithm of SRNN doesn’t use analytic maximum epoch, so that its performance is inefficient
and its cost is high. In this paper, with the proper maximum epoch, we improve learning efficiency. We
first describe cost function of maximum epoch and computation time theoretically. Then, using it, we
propose that maximum epoch must be between 400 and 500. Estimated maximum epoch is verified by
experiment.
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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 }{
compute f'w;
P flaw = QST+
lf( f’(]_) ::0)
break out of epochs loop; /* end epoch */
compute gradient and weight update;
change weights;
}
else increment success_string;
}
if (success_string == Training_Set_size)
break out of seeds loop;
/*successful training*/
} /% select new weights */
} /* training is failed */
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