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Associatron—A Model of Associative Memory

KAORU NAKANO

Abstract—Thinking in the human brain greatly depends upon associa-
tion mechanisms which can be utilized in machine intelligence. An
associative memory device, called ‘“Associatron,” is proposed. The
Associatron stores entities represented by bit patterns in a distributed
manner and recalls the whole of any entity from a part of it. If the part is
large, the recalled entity will be accurate; on the other hand, if the part is
small, the recalled entity will be rather ambiguous. Any number of
entities can be stored, but the accuracy of the recalled entity decreases
as the number of entities increases.

IEEE SMC (1972)

I. INTRODUCTION

HE PURPOSE of this paper is to outline an approach
for simulating certain functions of the human brain.
It has been known that an association mechanism is
essential to information processing in the human brain.
Association in the human brain has been studied mainly
in the field of psychology. Quite a few semantic models for
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by
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The features of a holograr
memory can be improved
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IEEE TRANSACTIONS ON COMPUTERS, VOL. C-21, NO. 11, NOVEMBER 1972
Learning Patterns and Pattern Sequences by Self-Organizing
Nets of Threshold Elements
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An Adaptive Associative Memory Principle

TEUVO KOHONEN

Abstract—It is shown that an analog associative memory with
optimal selectivity can be formed in adaptive processes which use
learning algorithms related to the gradient method. The information
is distributed throughout the memory by a matrix transform.

Index Terms—Adaptive system, analog associative memory,
associative recall, correlation matrix memory, distributed memory,
learning system, pattern recognition, pseudoinverse matrix.

IEEE Trans. Comput. (1974)
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Neural Networks 1, 63-73 (1988)
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Smolensky, Chapter 6, in Parallel Distributed Processing Volume 1 (1986).
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Figure 3 | Pairwise interactions and individual cell biases, as in equation

(1). a, Example of the pairwise interactions J;; (above) and bias values (or
local fields) h; (below) for one group of 10 cells. b, Histograms of h; and J ;;
values from 250 different groups of 10 cells. ¢, Two examples of 3 cells within

a group of 10. At left, cells A and B have almost no interaction O = O,
(Jag = —0.02), but cell C is very strongly interacting with both A and B 2 4 6 8 10

(Jac = 0.52,J gc = 0.70), so that cells A and B exhibit strong correlation, as b
0|L- I——L

shown by their cross-correlogram (bottom panel). At right, a ‘frustrated’
-2-1 012 -1

® O B N

=
1
=)
w
Spikes s

triplet, in which cells A and B have a significant positive interaction

(Jas = 0.13),asdo cells Band C (Jgc = 0.09), but A and C have a significant
negative interaction (Jac = —0.11). Asa result, there is no clear correlation
between cells A and B, as shown by their cross-correlogram (bottom panel).
d, Interaction strength J;; plotted against the correlation coefficient C ; each
point shows the value for one cell pair averaged over many different groups
of neighbouring cells (190 pairs from 250 groups), and error bars show
standard deviations. Local field, h, Interaction, J;

Prob. density

Correlation coefficient, C;

H#8 : Schneidman et al , Nature 440, pp.1007-1012 (2006)
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