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Simple Learning Algorithm for Recurrent Networks to Realize Short-Term Memories
oo bogey)y*xcob bo*=*p0db 0od*g*: 000obooobob boobobo0d oopoooooooo

Email : shibata@ito.dis.titech.ac.jp

*». 0000 dooooooooooo
Katsunari SHIBATA(PY)* , Yoichi OKABE** and Koji ITO*

Abstract -A simple learning algorithm for recurrent neural networks is proposed.

* : Tokyo Inst. of Technology ** : Univ. of Tokyo

This learning is similar to normal

static back-propagation learning and needs only O(n®) memories and O(n?) calculations, but the target function of a
recurrent neural network achieved by this learning is limited to a delayed recognition problem (short-term memory).
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Fig. 10 A sample of delayed recognition problem
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Fig. 2 Weight values after learning
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Fig. 3 Transition of each neuron’s output after learning
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