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We investigate the memory structure a:
of addressable and content-addressable
and retrieve any piece of information (a

- (] ]
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d retrieval of fhe brain and propose a hybrid neural network

nemory whichilis a special database model and can memorize
inary patternfl both addressably and content-addressably. The

architecture of this hybrid neural network|is hierarchicalfand takes the form of a tree of slabs which consist

of binary neurons with the same array.

Himplex memory neural networks are considered as the slabs of

basic memory units, being distributed 01141 the terminal vertexes of the tree. It is shown by theoretical

analysis that the hybrid neural network i
rules, and some other important charact
with those of the brain. Moreover, we
numeral patters.

able to be constructed with Hebbian and competitive learning
ristics of its learning and memory behavior are also consistent
emonstrate the hybrid neural network on a set of ten binary
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1. Introduction
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Fig. 1. The architecture sketch of a simple hybrid neural network.
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Fig. 2. The sketch of the connections from a slab to its generative slab.
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Fig. 3. The ten binary numeral patterns for the simula-
tion experiment.

4. The Simulation Results
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Fig. 4. The structure of the trained hybrid neural network for the ten binary numeral patterns. The numerals over each
hidden slab represent the binary numeral patterns the slab wins. The slab with a single numeral is just the SMNN slab

of this binary numeral pattern.
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