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A new mathematical model, named hairy model{http://red.csie.ntu.edu.tw/demo/hairy/
index.php }, was developed to model the memory and recollection mechanism existed among the
brain neurons. It covers the dual process of memory and recollection. It makes use of an overall
energy function (Lyapunov function) as its foundation. The nerve cells’ states plus their filiform
synapses’ strength evolve and develop all their parameters according to this function. The
dynamic successive changes of these parameters are given by the time derivatives of this function,
altogether, two groups of dynamic equations, one group to model the memory process and the
other model the recollection process. This model has all the superior characteristics of the
Hopfield Model, and improves on the memory flaws, flaws once discussed frequently in science.
All its implementations are substitutions by MLP or reinforcement learning.

This project comments and compares this new model with the renowned

random Boolean network proposed by Professor S.A Kauffman {see ‘Conclusion® in paper :
Cheng-Yuan Liou and Shiao-Lin Lin (2006), Finite memory loading in hairy neurons, Natural
Computing, vol. 5, no. 1, page 15-42.}. Kauffman’s theory is one of the most successful modern
evolution theories. This project revised and improved important models related to the Hopfield
model, like the ETAM, Elman Network {see paper : Cheng-Yuan Liou, Jau-Chi Huang and
Wen-Chie Yang (2006), Semantic addressable encoding, ICONIP, The 13th International
Conference on Neural Information Processing, October 3-6, in edited book published by LNCS
4232, pp 183-192, Hong Kong.} All their applications have been revised and improved according
the hairy model, suc as

code retrieval, computational cognition and SO on {see website

http://red.csie.ntu.edu.tw/demo/literal/index_eng.html }.

Keywords: neural network, associative memory, Hopfield model, memory, learning theory,

Elman network, Lyapunov energy function, brain theory
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